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Abstract 
 
Neuroimaging is a powerful technique that can characterise brain structural abnormalities 
in psychiatric and neurological conditions. Of key interest is the degree to which these 
structural changes are influenced by genetics. These “structural MRI signatures” are 
likely to play an increasingly crucial role in delineating the genetic influence on 
pathological conditions that cannot be typically defined by non-specific clinical signs or 
symptom clusters. The goal of this thesis was to characterize the genetic influence on 
grey and white matter indices and evaluate their potential as a reliable endophenotype for 
neurological and psychiatric illnesses. Among the various methods available to examine 
the effects of genetics on neuroimaging endophenotypes, the twins’ theoretical 
framework was chosen in this thesis. Structural equation modelling as employed in twin 
research allows the decomposition of phenotypic characteristics to additive genetics (A), 
dominant genetics (D), common environment (C) and unique environment (E) 
components. Additive genetics was found to explain a significant portion of total 
phenotypic variance, known as narrow-sense heritability – the ratio of additive genetics 
to total phenotypic variance (brain structure). We first assessed the effects of spatial 
resolution and smoothing on heritability estimation (Chapter 3). We then investigated 
heritability patterns of MRI measures of grey and white matter (Chapters 4-5). We then 
performed a cross-sectional evaluation of how heritability changes over the lifespan for 
both grey and white matter (Chapter 6). Finally, multivariate structural equation 
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modelling was used to investigate the genetic correlation between grey matter structure 
and white matter connectivity (Chapter 7), in the default mode network (DMN) – an 
intrinsic brain network which has been found to be implicated in a number of 
neuropsychiatric and neurological disorders.   
 
Our results show that several key brain structures were moderate to highly heritable and 
that this heritability was both spatially and temporally heterogeneous. At a network level, 
the DMN was found to have distinct genetic factors that modulated the grey matter 
regions and white matter tracts separately.  
 
We conclude that the spatial and temporal heterogeneity are likely to reflect gene 
expression patterns that are related to the developmental of specific brain regions and 
circuits over time. We further elucidate that despite brain networks being anatomically 
modulated by genetics, brain structure and connectivity maybe independently configured. 
Understanding this sensitivity of brain architecture to gene expression is especially 
important in case of psychiatric disorders, where direct one-to-one mapping of genetic 
links to overt symptoms is not possible and brain measures provide an alternative, 
quantifiable endophenotype that lie on the pathway between genes to protein to 
psychological phenotype. 
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CHAPTER 1 GENERAL INTRODUCTION 
The adult human brain is remarkably similar in gross structure to that found in 
new-born infants. Although important connectivity and structural changes occur at a 
rapid rate throughout childhood, adolescence and young adulthood, much of the 
branching and neural connectivity occurs before birth (Leamnson, 2000). It has been 
shown that neuroconnectivity at a whole system level is under genetic control (Meyer-
Lindenberg, 2009). Discretely mapping these connections at a synaptic level is a colossal 
task since the human brain has 100 billion neurons, interconnected by a 100 trillion 
synaptic connections. Further, these connections are in a constant state of flux, therefore 
mapping genetic hardwiring at a synaptic resolution is rather irrational. Neuroimaging 
provides a non-invasive, in vivo approach to mapping genetic and environmental 
influences on the brain at a macroscopic resolution. This approach of “neuroimaging 
genetics” benefits from the fact that neural systems are genetically upstream to cognitive 
processes and neuropsychiatric conditions. Characterization of neuroimaging parameters 
that are intermediate between genetics and complex behaviours, provide considerable 
promise for identifying risk genes and neuroimaging markers for neuropsychiatric 
conditions (Meyer-Lindenberg, 2009). This thesis is a synthesis of our investigations into 
the genetic influences on brain architecture. The aim of the thesis is to identify 
components of brain anatomy that would be more likely to meet the criteria for an 
endophenotype. 
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Endophenotype – Theory and Application 
 
The optimistic view of a psychiatric classification based on overt symptoms is not 
so straightforward. Complex heterogeneity of psychiatric disorders pose considerable 
challenges for researchers in identifying the etiological pathways related to disease traits 
(T. D. Cannon & Keller, 2006).  As such, despite the successful mapping of the human 
genome, single gene association studies have had little success in identifying genetic 
components of psychiatric diseases (Gottesman & Gould, 2003). The tools available for 
diagnosing psychiatric illness  range from behavioural assessments, electrophysiological 
tests, genotype assays, biochemical assays and over the past few decades, MRI has 
become increasingly important in understanding the psychopathologies underlying these 
disorders (Horga, Kaur, & Peterson, 2014).  Genes responsible for psychiatric conditions 
are likely to impinge on multiple physiological and neural systems including 
neurochemical, neurocognitive and affective processes such as attention, working 
memory and social cognition (Tyrone D Cannon, Gasperoni, van Erp, & Rosso, 2001). 
For example, a recent consortium of  molecular genetic data demonstrated a large number 
of risk loci in schizophrenia captured by genome-wide association studies (GWAS). 
Categorical labels of observed dysfunctions such as schizophrenia may be better viewed 
as a heterogeneous cluster of distinct anatomical and physiological pathways that led to 
similar clinical features (T. D. Cannon & Keller, 2006).   
 
Recent strategies for unravelling the genetic aetiology of psychiatric disorders 
give impetus to more reduced “micro” measures of neuropsychiatric functioning that are 
biologically based compared to “macro” behavioural phenotypes (Gottesman & Gould, 
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2003). Biological systems that represent simpler clues to genetic underpinnings than the 
deconstruction of symptom clusters have been extensively discussed in the last decade, 
with the emerging concept being termed - endophenotypes. The putative investigation 
into endophenotypic deconstruction of psychiatric illness arises from the hope of moving 
closer to the level of DNA (K. S. Kendler & Neale, 2010). Endophenotypes provide a 
means to segregate multifactorial biological mechanisms that occur upstream relative to 
downstream clinical phenotypes and model small effects influenced by polygenetic 
influences (T. D. Cannon & Keller, 2006; Gottesman & Gould, 2003).  
 
Evidence for the presence of endophenotypic pathways mediating genetic 
influence on clinical phenotypes arises from unaffected first degree relatives that show 
subclinical deviance in endophenotypes that are intermediate to that of patients and 
controls (T. D. Cannon & Keller, 2006). The allowance of disease to be measured on a 
continuous scale rather than an all or none categorical traits fits well with the 
intermediate instances in first degree relatives (Visscher, Hill, & Wray, 2008). However, 
the effects of shared environment are confounding in this design. An adoption study 
design may be useful for risk prediction based on family history, however systematic 
genetic assessment may be logistically difficult due to prenatal and preadoption 
environmental influences (T. D. Cannon & Keller, 2006).  
 
Nevertheless, the endophenotype concept holds considerable promise as an 
intermediate mechanism between disease and symptoms. Other terms that are used in a 
similar context to endophenotype include intermediate phenotype and biological or 
vulnerability markers however, these terms may not explicitly incorporate genetic 
underpinnings (K. S. Kendler & Neale, 2010). Broadly agreed criteria (T. D. Cannon & 
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Keller, 2006; Gottesman & Gould, 2003) theorized to fit the endophenotype model 
include: 
 
1. The endophenotype is associated with the  cause of  the illness of interest 
2. The endophenotype is heritable 
3. The endophenotype is state independent, meaning that it exists with or 
without the presence of the illness 
4. The endophenotype co-segregates within families. 
5. The endophenotype varies continuously in the general population and as 
such is found with much higher instances in non-affected family members 
relative to the general population. 
 
As the development of new tools and resources for detecting gene expression are 
making multi-fold dataset available, genetic aetiology and susceptibility are becoming 
increasingly likely to be linked to psychiatric disorders. Sophisticated parallel computing 
technology has made high dimensional analyses of single nucleotide polymorphisms 
(SNPs) cost effective and efficient. Exciting combinations of association studies are 
mapping genetic variants to intermediate causal pathways. The demonstration of 
heritability is of pertinent importance in these studies as the statistical power to detect 
genetic variants on phenotypic expression depends on heritability (Visscher et al., 2008). 
However, because heritability is a composite measure, it informs nothing about the 
magnitude of individual gene action or the ratio of interaction of individual genetic 
components on phenotypic expression (Visscher et al., 2008). Strictly speaking, 
heritability is defined as the ratio of additive genetic variance as a proportion of total 
genetic variance. Dominance or non-additive genetic components do not have cumulative 
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effects on phenotypic variance.  Heritability analyses contrasts with polymorphism based 
association studies that sample the DNA for non-random associations between genes or 
their allelic variants and specific phenotypes. Certain alleles interact characteristically to 
different environments generating genetically related variations in quantitatively 
measurable phenotypes. This observed variation of phenotypes allows the capture of 
genetic effects using biometric models (Daniëlle Posthuma et al., 2003).  
   
HERITABILITY: THE TWINS STUDY DESIGN 
 
Sophisticated mathematical models were first built for heritability by Sewall Wright and 
Ronald  Fisher in the 1920s and are now applied to evolutionary biology, agricultural 
selection and prediction of risk markers in medicine (Visscher et al., 2008). One of the 
approaches exploiting phenotypic resemblance and genetic variation compares the 
phenotypic relationship between monozygotic (MZ) and dizygotic twins (DZ). Since 
monozygotic twins share their entire genetic makeup and those who are reared together 
share a common environment (C), phenotypic difference between a MZ pair can be 
ascribed into components of unique, non-shared environments including measurement 
errors (E) (Michael C. Neale & Maes, 1992). Given that DZ twins who are reared 
together typically share half of their genetic composition, phenotypic variation in DZ 
pairs can be attributed to non-shared genetic and unique environmental factors (Daniëlle 
Posthuma et al., 2003). 
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Genetic interactions on phenotypes can be distilled firstly to additive (A) influences 
where the contribution of one allele can be added to other alleles of the same gene and 
secondly to dominant (D) influences which are explained by deviations from additive 
characteristics (Fisher, 1918). Total genetic variation consists of additive and dominance 
contributions together with epistasis (interaction of alleles from multiple loci) (David M. 
Evans, Gillespie, & Martin, 2002; Daniëlle Posthuma et al., 2003). Using linear 
regression, the proportion of genetic variation based on the expected value describes the 
additive partition of the total genetic variation while the residual variation deviating from 
the expected regression is inferred as genetic variance due to dominance (David M. 
Evans et al., 2002). 
 
The twins study design is insufficient in estimating dominance and common environment 
components concurrently since C and D are negatively confounded (David M Evans, 
Frazer, & Martin, 1999). For distinctions to be made between C and D in a saturated 
model, additional information such as E or half sibling data is required (Daniëlle 
Posthuma et al., 2003).  
 
Phenotypic differences between monozygotic and dizygotic twins are measured by 
calculating covariance and correlation coefficients. Covariance (Covx,y where x and y 
represents twin one or twin two of each respective pair) are computationally similar to the 
calculation of variances and simply indicates the phenotypic similarity between the first 
twin’s deviation from the mean of the observed phenotype compared to the second twins 
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deviation from the mean (Michael C. Neale & Maes, 1992). Genetic covariance arises 
from alleles being identical-by-decent from a common ancestor (David M. Evans et al., 
2002). Genetic correlation arises because the environment in which an individual finds 
themselves is itself partially dictated by their genetic composition (David M. Evans et al., 
2002). The correlation coefficient (r) is calculated using the covariance of a measure over 
the square root of the variance (V) of each of the measures: 
 
r = Covx,y ÷ √(VxVy) 
Correlation coefficients can be used to calculate the contribution of all the components 
influencing phenotypic variation (Daniëlle Posthuma et al., 2003). An estimate of 
additive genetics (a
2
) is denoted by twice the difference between MZ and DZ pairs:  
 
                                                           a
2 
= 2(rMZ - rDZ)                       (Falconer’s equation) 
 
The Falconer’s equation is a crude approximation of heritability showing the difference 
in correlation between MZ and DZ twins. The dominance (d
2
) component can be 
calculated  by subtracting twice the MZ correlation with four times the DZ correlation 
(Daniëlle Posthuma et al., 2003): 
  
d
2
 = 2rmz – 4rDZ 
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Phenotypic variation due to common environment (c
2
) is given by subtracting the MZ 
correlation from twice the DZ correlation: 
 
c
2
 = 2rDZ – rMZ  
 
The proportion of phenotypic variation due to unique environment including 
measurement error is simply the MZ correlation subtracted from unit correlation: 
 
e
2
 = 1-rMZ 
These relatively simple equations provide discerning insights into quantitative genetics 
however; the true estimate of the cause of trait variation extends biometric modelling 
beyond these simple principals. Herein, Falconer’s estimates of proportional additive, 
dominant, share and unshared environmental contribution does not apply to the path 
analyses based structural equation modelling described below.  
 
Genetic × Environment correlation 
 
There is no direct way of determining how much of the phenotypic variation results from 
the environment and how much of it is the product of direct genetic effects. If a GE 
correlation does exist, a positive correlation will increase estimates of all genetic 
components of the variance. The opposite is true for negative correlations (Michael C. 
Neale & Maes, 1992). However, GE correlation unequivocally does occur for instance, 
 23 
due to vertical cultural transmission, for example individuals who are genetically 
predisposed to depression, have acquired the disposition from parents who may have 
tendencies towards setting a pathogenic environment (Michael C. Neale & Maes, 1992). 
In this manner, the environmental variation is narrowed initially by genetic descent, 
further compounding the risk of depression. Here a distinction is made that 
environmental stress correlates with depression but cannot be pinned down as the cause 
of depression. 
 
Genetic × Environment interaction 
 
Unlike a GE correlation, where favourable genes are more likely to be nested within 
favourable environments, (Michael C. Neale & Maes, 1992) GE interaction is 
conceptualized as genetic control over sensitivity to different environments. In other 
words the same environment will interact differently on the phenotype depending on the 
individual’s genotype. A typical example is that of inherited disease resistance where 
some individuals are resistant to disease regardless of the presence of pathogens in the 
environment (Michael C. Neale & Maes, 1992).  
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Structural equation modelling  
 
Structural equation modelling (SEM) is used in biometrical genetic analyses and in 
twin/family design studies as a model for flexibly fitting the observed data (David M. 
Evans et al., 2002). SEM employs parameter estimations to quantify the difference 
between the observed covariance matrix and the covariance matrix implied by the 
theoretical model. In heritability analyses, the unobserved latent genetic and the 
environmental variables are related to the observed phenotypic variable using fitting 
functions (covariance algebra) that describe how adequately (using significance) the 
model fits the data (David M. Evans et al., 2002).  
 
SEMs are often depicted graphically using path diagrams (David M. Evans et al., 2002). 
In path diagrams, the dependent (observed) variables are represented by square boxes and 
the independent (latent) variables are represented by circles. Causal relationships are 
represented using unidirectional arrows from the independent variable to the dependent 
variables, the magnitude of which is given by a path coefficient (denoted by numeric 
values or lower case letters). Bidirectional arrows between the variables represent either 
the variance of a variable or the covariance between two variables, where the strength of 
the association is obtained from the correlation coefficient (David M. Evans et al., 2002). 
Path diagrams (Figure 1.1) allow explicit hypotheses about the relationship between the 
variables to be estimated by the path coefficients, entailing the predicted statistics to be 
compared to the observed data (Michael C. Neale & Maes, 1992).  
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An inherent limitation of using the SEM is that dominant genetic and common 
environment components of variance cannot be estimated simultaneously since genetic 
dominance acts to inflate the correlation between MZ twins relative to the correlation 
obtained from DZ twins. On the other hand, common environment components inflate the 
correlation between DZ twins relative to the correlation obtained from MZ twins (David 
M. Evans et al., 2002). Given that a D and C contradiction exists, estimating model 
parameters can be done separately using ADE and ACE models. 
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Figure 1.1 Path diagram for a saturated ACDE model. The squares represent the observed 
phenotype, the circles represent the latent variables. The unidirectional 
arrows depict the path coefficient. The additive (A) genetic correlation 
between MZ twins is 1 and 0.5 for DZ twins. Dominant (D) effects is 1 for 
MZ twins and 0.25 for DZ twins. Common environments (C) is independent 
of zygosity (1). Non-shared environment (E) is unique to each twin. 
 
The difference in fit can be compared for the data between the two models to ascertain 
model suitability. By dropping components from the model, the effects of variance 
component on the phenotype can be determined. If there is a significant decrease in the fit 
of the model after dropping the component, it indicates that the component had a relevant 
contribution to the phenotype and therefore cannot be excluded from the model. 
Conversely, a non-significant decrease in the fit after dropping a component implies that 
the trait did not contribute significantly to phenotypic variation and can be excluded from 
the model (David M. Evans et al., 2002). For example, to test the significance of common 
environment the AE model can be used; likewise to test for additive genetics the CE 
model can be used. Using this design, conclusions can be draw on the best fitting model 
compared to the full model by examining the sources of variance that were significant. 
Further, the magnitude of the observed genetic and environmental contributions can be 
compared to the theoretical model.  
Power of the twin study design. 
 
The twin study design is pertinent methodology in epidemiological studies since it makes 
it possible to ask questions such as: What are the environmental risk factors in the 
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development of complex diseases, for example – the genetic and social effects on 
adolescents who start to smoke (Boomsma, Koopmans, Doornen, & Orlebeke, 1994) or 
do symptoms of depression and anxiety occur co-morbidly because of shared  genetic 
vulnerability (Kenneth S Kendler, Neale, Kessler, Heath, & Eaves, 1992)?  The 
development of sophisticated methodologies has accommodated research that goes 
beyond the classical twin design. The bivariate and multivariate twin studies can detect 
the cause of comorbidity across two or more symptom traits or accommodate for a priori 
order within the data such as time in a longitudinal study design.  The discordant twin 
design reveals important information about penetrance which refers to the proportion of 
affected individuals among carries of a particular genotype For example, MZ twins 
discordant for schizophrenia suggests that disease outcome can be different for 
individuals with identical genetic makeup (Dempster et al., 2011). The extended twin 
design allows the study of cultural transmission of genetic and environmental factors. 
The extended twin design can include parent, offspring, siblings and half siblings thus 
offering a shortcut to true longitudinal studies (Truett et al., 1994).   
 
Increasing the sample size is the typical way to improve statistical power; however, this 
is limited by time, resources and money. The statistical power may also be influence by 
zygosity. The sample size has be estimated to be three times larger for cases where 
zygosity is unknown (Martin, Eaves, Kearsey, & Davies, 1978). False positives may also 
be influenced by the ratio of MZ to DZ twins, for example, in the case where DZ sample 
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size is twice that of MZ, there is a greater chance of rejecting the AE model. This is to 
say that about 2500 twins pairs would be necessary to have an 80% confidence in 
rejecting a false AE model at an α of 0.05 (Michael C Neale, Eaves, & Kendler, 1994). 
The addition of a single non twin sibling has been shown to increase statistical power, 
however there is little gain in detecting false positives with additional siblings (D. 
Posthuma & Boomsma, 2000). The division of a continuous variable into subgroups such 
as age or severity does little to depart from the power of a sample that is treated as 
continuous (Michael C Neale et al., 1994). 
 
NEUROIMAGING GENETICS 
 
Key brain structures implicated in psychiatric illness includes the hippocampus, 
prefrontal cortex and amygdala. A brief summary of structural grey and white matter 
abnormalities associated with psychiatric disorders is described below.  
 
The hippocampus has been extensively studied in spatial and episodic memory (Burgess, 
Maguire, & O'Keefe, 2002). Apart from its crucial role in navigation and 
autobiographical memory, many studies have extended into linking structural 
abnormalities in the hippocampus with mental illnesses (Poul Videbech & Barbara 
Ravnkilde, 2004). Meta-analysis studies examining patients with unipolar depression 
have confirmed a 5-8% reduction in hippocampal volume compared to healthy controls. 
Genome wide association studies (GWAS) have shown that multiple genetic clusters 
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relate to hippocampal size (Bis et al., 2012). Small hippocampal volume has been shown 
to  predict reduced treatment response and increased recurrence of depression however, 
these associations are not specific to depression and are also observed in anxiety, 
psychotic disorders and posttraumatic stress disorders (MacQueen, 2009). These findings 
all support a key role for the hippocampus in psychiatric disorders (Drevets, Price, & 
Furey, 2008).  
 
Anatomically, the dorsal, medial and lateral regions of the PFC have been implicated in 
psychiatric disorders (Williams & Gordon, 2007).  Genetic polymorphism of the 
catechol-O-methyltransferase (COMT) gene (Val
108/158 
Met) has been shown to influence 
PFC physiology (Egan et al., 2001). Abnormalities in PFC structure and function have 
been associated with dysregulation in emotion processing (Duncan, 2001; Ramasubbu & 
MacQueen, 2008). Similar to the hippocampus, volumetric changes in the PFC have been 
observed in depression, and thus are indicative of vulnerability markers for psychiatric 
illnesses (Rajkowska, 2000).  
  
The central nucleus of the amygdala shares connections with the medial PFC and the 
autonomic nervous system for processing response to danger by increasing heart and 
respiratory rates (Davis & Whalen, 2001; Garrett & Chang, 2008; LeDoux, 2000; 
Ramasubbu & MacQueen, 2008; Williams et al., 2007). The base nucleus of the 
amygdala is responsible for emotion based learning such as conditioning and extinction 
of fear responses. It has been demonstrated that reduced grey matter density in the left 
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amygdala correlates negatively with neuroticism, a cognitive risk factor for a range of 
psychiatric disorders (Omura, Todd Constable, & Canli, 2005). Reduction in amygdala 
volume has been shown in carriers of the 5-HTTLPR short allele polymorphism 
(Pezawas et al., 2005).  
 
Similarly, white matter has also been linked to psychiatric conditions. Decreased 
fractional anisotropy (FA) in the anterior corona radiata (ACR), anterior limb of the 
internal capsule (ALIC) and the superior region of the internal capsule (SRI) has been 
observed in a paediatric population with attention deficit hyperactivity disorder (ADHD) 
and bi-polar disorder (Pavuluri et al., 2009). Reduced FA in the superior longitudinal 
fasciculus (SLF) and premotor regions has been found in adults with major depressive 
disorder (MDD). The 5-HTTLPR genetic polymorphism has been shown to influence 
axonal growth and reduced FA in a depressed population (Tham, Woon, Sum, Lee, & 
Sim, 2011).   
 
The strength of  these association studies can be improved by comparing with the 
extended cohort of high-risk individuals and the investigation of vulnerability markers in 
the absence of clinical symptoms (Horga et al., 2014).   
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Heritability of brain structure 
 
Brain structure has been mapped with greater precision in recent years and reported to 
have high test-retest reliability (> +0.95) for measures such as cortical thickness (K. S. 
Kendler & Neale, 2010). Genetic variation on brain structure and function has been 
mapped to determine their influence in normal and pathological behaviour (P. Thompson, 
Cannon, & Toga, 2002). The link between genetic influences and overt symptoms is 
reflected in the heritability of endophenotypic candidates such as whole brain volume (h
2
 
=0.9-0.94),  grey matter volume (h
2
 = 0.82) and white matter volume (h
2
 = 0.88) 
(Daniëlle Posthuma et al., 2002) relative to psychiatric illnesses such as ADHD (h
2
 = 0.6-
0.9) (Thapar, Harrington, & McGUFFIN, 2001)  mood disorders (h
2
 = 0.37-0.59, 95% CI 
0-0.96) (Sullivan, Neale, & Kendler, 2014), anxiety disorders (h
2
 = 0.2-0.66, 95% CI 
0.24-0.39) (Hettema, Neale, & Kendler, 2001) and schizophrenia (h
2
 = 0.73-0.83) 
(Tyrone D Cannon, Kaprio, Lönnqvist, Huttunen, & Koskenvuo, 1998). In each case, 
structural equation modelling with discordant twin design was used to estimate 
heritability with confidence intervals noted when available  (Burmeister, McInnis, & 
Zollner, 2008). The table below gives an overview of some of the key publications 
looking at the heritability of brain structure over the past two decades (Table 1.1). 
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Table 1.1 Review of twin studies mapping heritability on brain morphometry using 
structural MRI 
 
Study Participants (Twin 
pairs) 
Age range 
and mean 
(where 
provided) 
Statistical 
Modelling 
Imaging Parameters 
Bartley, A.J., 
Jones, D.W., 
Weinberger, 
D.R. (1997) 
MZ - 6 male : 4 
female 
DZ – 6 female 
MZ - 19–54, 
DZ – 18-29 
intraclass 
correlation 
coefficient 
1.5T MRI Cerebral 
volume, gyral 
pattern 
analyses 
Pfefferbaum, 
A., Sullivan, 
E.V., Swan, 
G.E., 
Carmelli, D. 
(2000) 
MZ – 45 male 
DZ – 40 male 
68-78  (MZ 
and DZ 
groups did 
not differ in 
mean age )  
SEM - 
univariate, 
bivariate 
1.5T MRI Volume – 
corpus 
callosum, 
lateral 
ventricles and 
Intracranial 
volume 
Cannon, T.D., 
Thompson et 
al., (2002) 
MZ – discordant 10 
male : 10 female 
MZ – concordant  10 
male : 10 female 
DZ – discordant 10 
male : 10 female 
DZ – concordant 10 
male : 10 female 
Mean age: 
48.4 years 
Intraclass 
correlation 
coefficient 
1.5T MRI Cortical 
surface map 
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Wright, I.C. 
et.al (2002) 
MZ – 6 male : 4 
female 
DZ – 4 male : 6 
female 
MZ – 19-54 
DZ - 18-29 
SEM  - 
univariate 
1.5T MRI volume – 
global brain 
and ventricular  
Hulshoff Pol, 
H.E et al 
(2004) 
MZ – discordant 6 
male : 5 female 
MZ – control 6 male : 
5 female 
DZ – discordant 5 
male : 6 female 
DZ – control 5 male : 
6 female 
Mean age 
35.9 years 
intraclass 
correlation 
coefficient 
1.5T MRI volume – 
Intracranial, 
whole brain, 
grey matter 
and white 
matter 
Wallace, G.L 
et al (2006) 
MZ – 90 male : 38 
female. 
DZ – 22 male : 15 
female 
Singleton – 94 male : 
64 female 
MZ – 5.8-
18.7 
DZ – 5.6-18.2 
Singleton – 
5.2- 18.7 
SEM - 
univariate 
1.5T MRI Volume – grey 
and white 
matter ROI 
Giedd, J.N et 
al (2007) 
MZ – 74 male : 53 
female 
DZ – 18 male : 12 
female 
MZ – 5.6-
18.7 
DZ – 5.5-18.2 
SEM – 
univariate, 
multivariate 
1.5T MRI Volume – grey 
matter, white 
matter, lateral 
ventricles 
van 't Ent, D 
et al (2007) 
MZ – high 
concordant* 3 female 
Low concordant 7  
male : 10 female 
MZ high 
concordant 
13.6-18.35 
Low 
ANOVA 
using voxel 
based 
parametric 
1.5T MRI Volume 
(VBM) - Grey 
matter  and 
white matter 
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Discordant 2 male : 3 
female 
*concordance for 
ADHD 
concordant 
13.24-17.41 
Discordant 
11.77-16.89 
mapping ROI 
Schmitt, J et 
al (2008) 
MZ 58 male : 48 
female 
DZ 26 male : 20 
female 
Sibs of twins 15 male : 
16 female 
Singleton 66 male : 48 
female 
MZ - 5.37–
18.72 
DZ - 5.55–
19.34 
Sibs of twins 
- 4.99–19.11 
Singleton - 
5.16–18.88 
SEM – 
univariate, 
multivariate  
1.5T MRI Cortical 
thickness – 
Grey matter 
Chiang, M. C 
et. al (2009) 
MZ 11 male  : 12 
female 
DZ 10 males and 13 
female 
Mean age MZ 
25.1 ± 1.5 
Mean age DZ 
23.5 ± 2.1 
  
SEM – 
univariate, 
corss-twin and 
cross trait 
design 
4T MRI White matter 
FA 
Peper, J.S et. 
al (2009) 
MZ – 22 male : 23 
female 
DZ (same sex) – 22 
male : 21 female 
DZ (opposite sex) 19 
9.0-9.8 years SEM - 
univariate 
1.5T MRI Volume 
(VBM) - grey 
matter and 
white matter 
Kremen, W.S 
et al (2010) 
MZ – male 110 
DZ – male 92 
51-59 years SEM - 
univariate 
1.5T MRI Volume and 
cortical 
thickness 
(Freesurfer) –
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grey matter, 
lateral 
ventricles 
Eyler, L.T.et 
al  (2011) 
MZ – male 110 
DZ – male 92 
51-59 years SEM – 
Univariate, 
Multivariate  
1.5T MRI Volume 
(Freesurfer) – 
grey matter, 
lateral 
ventricles 
Joshi, A.A et. 
al (2011) 
MZ – 32 male : 57 
female 
DZ – 37 male : 60 
female 
21-27 years SEM - 
univariate 
4T MRI Volume and 
cortical 
thickness 
(Freesurfer) – 
grey matter 
Panizzon, 
M.S et al 
(2012) 
MZ - 130 male 
DZ – 97 male 
Unpaired -60 male 
51-59 years SEM – 
univariate, 
bivariate, 
cholesky 
1.5T MRI Single contrast 
(Freesurfer) – 
surface -  The 
ratio of white 
matter to grey 
matter signal  
Bohlken, 
M.M et al 
(2014) 
MZ – 19 male : 26 
female 
DZ – 14 male : 
19 female 
18-67 years SEM – 
univariate, 
trivariate 
3T MRI Global White 
matter FA and 
tractography 
 
Bivariate SEM using twins can be used to correlate a single trait in one twin with a 
different trait in the second twin (P. Thompson et al., 2002). This provides an estimate of 
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the proportion of correlation between the two variables and is referred to as the cross-
twin cross-trait correlation. For example, a common genetic basis can be estimated for 
grey matter of one twin and IQ of the other (Chiang, Barysheva, et al., 2009). This 
method further capitalizes on a discordant twin design (P. Thompson et al., 2002). 
 
Heritability estimates allows specific regions of the brain with strongest genetic influence 
to be pinpointed. This is considerably meaningful since not only is each genes’ 
correlation on specific brain regions expected to be minor, but genes may be pleiotropic, 
where multiple effects are possible from the same gene (David C. Glahn, Thompson, & 
Blangero, 2007; Lee et al., 2009; P. Thompson et al., 2002). Therefore overall genetic 
influences can be captured in regions where heritability estimates are known to be most 
dominant. As an illustration, genetic influences are found to account for 80% of the 
variance in FA of major WM tracts. A recent finding of the val variant of BDNF gene 
was associated with a 15% reduction in FA in some of these white matter (WM) tracts 
(splenium of the corpus callosum and optic tracts). BDNF was also measured as the key 
candidate to affect intellectual performance by modulating white matter development; in 
effect demonstrating a link between a specific gene, white matter architecture and 
intelligence (Chiang, Barysheva, et al., 2011).  
 
Some of the challenges in using neuroimaging endophenotypes include (1). The structural 
marker may not predict a distinct psychiatric symptom since illness clusters may be 
expressed uniquely in individuals from unshared environments together with the inherent 
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heterogeneity of psychiatric illness (Gottesman & Gould, 2003). (2) High heritability of 
structural measures does not directly imply eligibility as an endophenotype marker since 
these traits are likely to be polygenic in origin and the activity of a few identified genes 
may not explain large effects in phenotypic variance (Visscher et al., 2008). (3) Although 
endophenotypes are assumed to occur upstream of overt symptoms, the direction of 
causality cannot be deduced from an identified endophenotype. The gene, 
endophenotype, clinical symptom interaction is rarely unidirectional and is better 
considered as an interaction between genetics and the environment. For these reasons, as 
more detailed understanding of genetic effects on brain structure becomes available, it 
may require a reclassification based on biological clustering rather than symptom centric 
clusters for disease classification (T. D. Cannon & Keller, 2006).  
 
  
 
Application and relevance of mapping heritability of neural measures. 
 
The evaluation of neuroimaging markers allows state independent identification of 
characteristics  on a continuous scale in the absence of disease and without the need for 
categorical traits based on behavioural symptoms (Visscher et al., 2008). 
 
Identifying heritable phenotypes works in combination with gene expression and genetic 
association studies and may help identify potential intermediate pathways affected by 
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genetic polymorphisms. The individual difference in brain structure modified by 
experience may also be revealed and raises questions around the stability of heritability 
despites long periods of artificial selection (Plomin & Kosslyn, 2001).  
 
Endophenotypes may provide deeper exploration into disease mechanisms and the 
functional consequence of “risk genes” rather than a simple genetic association to clinical 
symptoms (Walters & Owen, 2007). As more biological factors are identified such as 
neurochemical tone (dopaminergic, serotonergic, and glutamatergic), brain dynamics 
(electroencephalography, event related potentials and resting state activity), cognitive and 
affective parameters, an integrative mapping of genetic polymorphisms across these 
measures may become suitable for further investigation. 
 
 
Chapter roadmap: 
 
A major challenge in linking psychiatric and neurological symptoms to genetic 
mechanisms is the lack of quantifiable endophenotypes. Despite the extensive literature 
using twin studies to estimate genetic related variance of brain structure, the field lacks a 
comprehensive analysis collating commonly used metrics of brain grey matter and white 
matter  using data from a single twin cohort. How the heritability of these measures is 
impacted due to factors such as age, choices of neuroimaging analysis and a framework 
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of these measures within brain networks are some areas which are yet to be explored. 
This thesis aims to fill some of these knowledge gaps.   
 
Chapter 2 provides an understanding of the classical twin design and introduces the study 
population, a subset of a larger study - Twin study in Wellbeing using Integrative 
Neuroscience of Emotion (TWIN-E) (Gatt et al., 2012). Basic understanding of structural 
neuroimaging processes is described. In addition, the fundamentals of the statistical 
methodology used for analysing data from twins that are used in subsequent chapters of 
the thesis are described.  
 
Chapter 3 investigates the effects of two choices during neuroimaging analyses - spatial 
resolution and smoothing - on the estimation of heritability. This chapter samples three 
grey matter regions and three white matter tracts to determine the effectiveness of voxel-
wise compared to region-wise analyses. The subsequent chapters use regions-wise 
analyses firstly to provide for the first time an overview of all major grey matter cortical 
and subcortical regions and white matter tracts. The region-wise measurements provide 
comparison with literature which often uses standard atlas measurements. Secondly, to 
control for multiple comparisons which can reduce the power to see significant trends 
and effects. Our sample size although significantly large is not representative of that 
typically used for voxel-wise genetic analyses. The findings of subsequent chapters could 
serve as starting points to explore voxelwise associations of specific genes.  
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Chapter 4 investigates the heritability of three types of metrics of brain grey matter 
obtained from MR Imaging (volume, cortical thickness and surface area). These three 
metrics measure different structural aspects of brain grey matter and the heritability of 
these measures across different brain cortical and subcortical regions is yet to be 
comprehensively mapped. This chapter provides these data for 34 brain cortical and 37 
subcortical regions. The aim of this chapter is to provide a detailed map of the heritability 
of grey matter. 
 
Chapter 5 investigates the heritability of white matter integrity for 46 major white matter 
tracts in the brain. White matter integrity is quantified using a measure called  fractional 
anisotropy (FA) obtained from Diffusion Tensor Imaging.  
 
Chapter 6 performs a cross-sectional evaluation to understand variation in heritability 
with age of both grey matter and white matter over the adult lifespan (range - 18-
65years). While there is supporting evidence that heritability of brain measures is 
variable with age especially during childhood to adolescence and in older adulthood, the 
field lacks a comprehensive analysis of the variation in heritability of MRI measures 
across the adult life-span.    
 
Chapter 7 uses multivariate structural equation modelling (SEM) to investigate the 
heritability of a structural brain at a network level. Looking at the brain at a network level 
has revolutionized how we understand brain disorders, yet common genetic factors that 
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drive various components of these networks in not completely understood. This chapter 
focuses on the well established connections of the default mode network and aims to 
understand common and unique genetic factors that impact the structural grey matter 
nodes and white matter connections of this network.  
 
Chapter 8 concludes by integrating and summarizing the findings from this thesis. The 
theoretical and clinical application of neuroimaging endophenotypes in psychiatric and 
neurological populations is then discussed.  
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CHAPTER 2 GENERAL METHODS 
Twin study in Wellbeing using Integrative Neuroscience of Emotion (TWIN-E) 
The following sections introduce the TWIN-E study protocol of which the present 
thesis is a subset (Figure 2.1). This thesis was limited to structural MRI and Diffusion 
Tensor imaging analyses. In this chapter, comprehensive analyses of grey and white 
matter pre-processing are described together with structural equation modelling of 
genetic influences on brain structure and connectivity.  
STUDY ORGANIZATION  
The TWIN-E study is funded by the Australian Research Council (ARC) Linkage 
grant LP0883621 in partnership with Brain Resource Ltd and the Australian Twin 
Registry (ATR) and is led by chief investigators Professor Leanne M Williams 
(University of Sydney), Professor Peter R Schofield (University of New South Wales), 
Professor C Richard Clark (Flinders University), Associate Professor Anthony Harris 
(University of Sydney) and APDI postdoctoral fellow Doctor Justine M Gatt (University 
of Sydney) (Gatt et al., 2012).  
This study is designed to identify endophenotypic markers for mental illnesses 
and aims to link genetics to physiological, psychological and brain measures such as 
EEG, fMRI, structural MRI and DTI. The study was approved by the Human Research 
Ethics Committees of both the University of Sydney (03-2009/11430) and Flinders 
University (FCREC #08/09) and informed written consent was acquired from each 
participant prior to testing.  
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STUDY SAMPLE 
The TWIN-E study is a multi-site project with mirrored EEG sites in Sydney and 
in Adelaide. Web assessments were administered nationwide using online test batteries. 
All MRI scans were conducted on a 3.0 Tesla GE Signa HDx scanner (GE Healthcare, 
Milwaukee, WI) at the Sydney site. The study to date has recruited over 1600 same sex, 
healthy adult monozygotic (MZ) and dizygotic (DZ) twin pairs aged between 18-65 
years. Participants eligible for the study were of European ancestry, were primarily 
English speaking, free of psychiatric and neurological conditions (past and present), brain 
injuries, genetic or medical conditions such as cancer, heart disease and blood borne 
illnesses and free of substance and alcohol abuse. The study was divided into two phases. 
In phase I, the participants underwent computerized assessments of cognitive and 
psychological performance (WebNeuro and WebQ respectively) and submitted a saliva 
sample for DNA profiling (Gatt et al., 2012). During EEG and MRI assessments, 
electrophysiological and autonomic characteristics such as precipitation, eye movements 
and heart rate variability were acquired. The MRI protocol included a functional scan 
with three cognitive and two emotional tasks, each of which was five minutes in duration. 
The structural scan included a phase map, T1, T2 and DTI scans. Phase II of the study 
followed up on the WebNeuro and WebQ assessments longitudinally, 12 months post 
initial testing. Complementary to Phase II, an additional phase was embedded within the 
follow-up stage to examine the effects of brain training on cognitive and psychological 
performance. This additional phase was a randomized control trial where one twin from 
each pair underwent a 30 day brain training program (treatment arm) and tested against 
their counterpart twin (control) who was not administered with brain training (Gatt et al., 
2012). This thesis focused solely on T1 structural images for grey matter and DTI scans 
for white matter analyses.  
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Table 2.1 Twin-E structural MRI study sample 
 
Demographic characteristics of study sample   
                                           Full TWIN-E study sample  Imaging sub cohort 
 
Monozygotic Monozygotic 
No. of twin pairs  1684 78 
Age 18-60 (mean = 40,  
SD = 12.7 ) 
18-60 (mean = 40,  
SD = 12.36 ) 
Gender (no. of males: females)  (694:990) 33:245 
 
Dizygotic Dizygotic  
No. of twin pairs  854 48 
Age  18-60 (mean = 43,  
sd = 12.8) 
18-60 (mean = 38,  
sd = 13.75) 
Gender (no. of males: females)  (284:570) 16:32 
Total number of participants 2538 252  
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Figure 2.1 TWIN-E study design. Phase I involves baseline testing of cognitive and 
psychological assessments (Part 1), electrophysiological (Part 2) and 
neuroimaging (Part 3) profiles of the participants. Phase II is the 
longitudinal follow-up approximately 12 months subsequent to the initial 
onsite testing (adapted from Gatt et.al, 2012).  
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STRUCTURAL MAGNETIC RESONANCE IMAGING 
 
Magnetic resonance imaging (MRI) has become an invaluable diagnostic tool in the 
evaluation of organ systems including the central nervous system. MRI involves the 
excitation of nuclear magnetic resonance (NMR) sensitive nuclei, usually 1H protons that 
are abundant in body tissues with an approximate concentration of 100M, depending on 
water and fat fractions (Edelman & Warach, 1993). A large static magnetic field (Bo) is 
required to cause a population difference in protons aligned parallel and anti-parallel to 
the Bo. When the hydrogen protons are excited (to high energy anti-parallel state) by a 
radio frequency (RF) pulse produced by a transmitter coil, the relaxation (or decay) of 
energy from the excited state induces a voltage that is detected by a receiver coil as MR 
signal. The MR signal received by the RF coils provides complex information on tissue 
characteristics. Spatial mapping of the data is done by superimposing gradient coils onto 
the static magnetic field of the sample or patient. Gradient coils generate spatial 
information by increasing the magnetic field strength in one spatial direction, where the z 
plane is parallel to the main field and x and y are perpendicular (Figure 2.2). The gradient 
is produced by two coils located at the two ends of axis with current flowing in opposite 
directions. The gradient coils encode a spatial signature to the signal intensity produced 
by different tissue (Edelman & Warach, 1993). In the scanner, the coils are arranged in 
concentric series, with the interior of the circle consisting of the x, y and z gradient coils 
then the shimming coils followed by the static magnetic field on the exterior. The 
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shimming coils correct for inhomogeneity which is crucial to ensure that the magnetic 
field is uniform.  
 
 
Figure 2.2. Magnetic field gradients. The static magnetic field is superimposed by 
gradients coils to provide spatial signatures to signal intensities (adapted 
from Huettel, Song, & McCarthy, 2004) 
 
Proton relaxation from an excited state occurs in two ways: (1) longitudinal relaxation 
occurs when individual spinning protons return to the parallel state (stable) from an anti-
parallel position (excited, unstable) to achieve thermal equilibrium. The time constant 
associated with this spin-lattice interaction process is known as T1. (2) Transverse 
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relaxation, where all spinning nuclei are initially coherent in that they are all spinning in 
phase. Over time, this coherence attenuates and gradually the spins become out of phase 
due to some nuclei spinning faster than others. This spin-spin interaction has a time 
constant of T2. When the extrinsic interaction of field inhomogeneity is taken into 
account, the combined effects are known as T2* decay and is always faster than T2 decay 
alone. The time interval between RF pulses is known as repetition time (TR). The echo 
time delay (TE) is the time interval before the MR signal is measured. T1 has a fast 
repetition time (TR) and echo time (TE) while T2 has long TR and TE. Unlike T1 and T2 
which are dependent on the tissue, the TR and TE can be adjusted by the MRI operator to 
provide more weight to the image contrasts.  
 
In addition to anatomical location and morphological characteristics, the pathological 
processes identified using structural MRI are often described in terms of T1 and T2 signal 
contrast (Symms, Jäger, Schmierer, & Yousry, 2004). The dominant imaging contrast for 
structural MRI is the T1 weighted longitudinal or spin-lattice relaxation time. The three 
main brain contrasts are segmented based on relaxation time between T1-weighting– 
white matter: 700ms, grey matter:1000ms and CSF: 3000ms (at 3 Tesla). Pathological 
structures such as tumours are relatively more mobile than water and thus appear darker 
in T1 weighted images compared to non-tumorous tissue. Increasing the magnetic field 
strength increases the signal to noise ratio (SNR), by aligning more protons along the 
main axis of the magnetic field according to the Boltzmann distribution  
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T = µ × B = γJ × B, 
 
Where, T is torque, µ is the magnetic dipole moment, J is the angular momentum, B is 
the external magnetic field, × is the cross product and γ is the gyromagnetic ratio). The 
signal to noise ratio (SNR) is determined by pixel size, slice thickness and scan time. In a 
typical experiment, spatial resolution is determined by the in-plane resolution (the 
dimensions of the pixels in the read-out and phase-encode directions) and the “through 
plane” resolution which is determined by the slice thickness. Taken together, spatial 
resolution and SNR largely govern structural MRI image quality (Symms et al., 2004).  
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Neuroimaging Data Acquisition & pre-processing analyses 
MR images were acquired using a 3.0 Tesla GE Signa HDx scanner (GE 
Healthcare, Milwaukee, WI) using an eight-channel head coil. Scan time was 
approximately 75 minutes and included 5 functional scans (3 cognitive and 2 emotional) 
and 3 structural scans including T1, T2 and diffusion weighted images. T1 imaging 
parameters included 3D T1 weighted high resolution SPGR MRI scan, TR = 8.3 ms, TE 
= 3.2 ms, Flip angle =110, TI = 500 ms, NEX = 1, Matrix = 256 × 256, resolution = 1 
mm x 1 mm, 180 contiguous 1mm sagittal slices. A complementary T2 scan was 
performed for clinical assessment purposes using the following parameters 2D Fast Spin 
echo scan, TR = 4,000 ms, TE1 = 6.4 ms, TE2 = 102 ms, NEX = 1, Matrix = 256 × 256, 
resolution = 0.86 mm x 0.86 mm, ETL = 16, 70 contiguous 2.5 mm axial/oblique slices 
covering the whole brain. Diffusion weighted images were acquired using spin echo DTI 
echo planar imaging scan, 42 directions, b value = 1250, TR = 17,000 ms, TE = 95 ms, 
NEX = 1, Matrix = 128 × 128, resolution = 1.72 mm x 1.72 mm, 70 contiguous 2.5 mm 
axial/oblique slices covering whole brain (Gatt et al., 2012). This thesis focuses on 
analyses of the structural MRI data using the protocols described above. The descriptions 
of the fMRI protocol are beyond the scope of this thesis and have been published 
elsewhere (Gatt et al., 2012).  
 
DICOM images were transferred from the radiology centre at Westmead Hospital 
to an onsite Unix-based parallel pre-processing pipeline at the Brain Dynamics Centre. A 
web-based application developed in-house, known as ‘Scheduler’ managed workflow 
modules and organized the data into an accessible directory structure. The directories 
were structured according to study cohorts, participant ID, MRI data type and times 
series. The DICOM files were converted to NIFTI volumes for interpretation by the 
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Scheduler processing pipelines. For the purposes of research, the MRI data was 
transformed to a sample averaged standard space for inter subject comparisons to be 
made. These pre-processing steps are described in detail for both voxelwise and region-
wise comparisons for grey and white matter in the sections below. 
 
   
Magnetic resonance imaging of grey matter structure.  
 
In structural MRI, grey matter refers to the amount of tissue that lies between the GM-
WM interface and the pial surface (between grey matter and CSF). Grey matter contains 
cell bodies and unmyelinated axons. The neurons are organized as a columnar array of 
radial units (perpendicular to the pial surface) (Rakic, 1988). The number of cells within 
each column determines cortical thickness (CT). Increase in the number of radial unit’s 
leads to expansion of the cortical surface (SA). During prenatal development, the two 
distinct hemispheres of the cerebral cortex fold extensively over the subcortical regions 
(Wurst & Bally-Cuif, 2001). This two dimensional sheet of tissue facilitates the 
representation of the cerebral cortex as a surface model (Figure 2.3).  
 
In addition to CT and SA, grey matter can also be extracted through volumetric 
techniques such as voxel based morphometry (VBM), an established procedure that uses 
T1 weighted volumetric MRI scans to segment brain tissue into grey matter, white matter 
and cerebrospinal fluid across all voxels (Figure 2.3) (John Ashburner & Friston, 2000).  
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The spatial complexity and individual variability in brain structure can be navigated 
through brain atlases that provide a common spatial framework that compensates for 
individual differences in brain structure (Van Essen, 2002). Atlases can be derived from 
individual subjects that represent the most “typical” brain or  such biases can be avoided 
through blurring and deformations to register a brain image to an averaged stereotaxic 
space. The atlas can be parcellated through 1. various partitioning schemes such as 
Brodmann areas, 2. distinct lobes, gyrus and sulcus, 3. surface based coordinates of 
latitude and longitude (Van Essen, 2002). The primary distinction between the available 
registration methods are volumetric and surface based approaches. Software packages 
such as Fressurfer, FMRIB Software Library (FSL), Analyses of Functional 
NeuroImaging (AFNII) and Statistical Parametric Mapping (SPM) pre-process “raw” 
MRI images and transform them into a version where pattern analyse can be applied 
(John Ashburner, 2009). Collectively, these approaches add high dimensionality to MRI 
data and allow inter-subject and inter-study (meta-analyses) registration of brain images.  
 
In contrast to volumetric analyses, surface based representations inflate whole brain 
surfaces into sheets, thus allowing inter-subject registration to be accomplished without 
loss of information from spatial smoothing as occurs in volume based methods (Anderson 
M. Winkler et al., 2010). The 2D plane between the pial surface and the grey 
matter/white matter boundary (Figure 2.3) provides an estimate of cortical thickness and 
together with surface area can be used to indirectly estimate volume (Fischl, 2012).  
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Figure 2.3. The geometric relationship between surface-based and volume based 
representation of grey matter. Volume can be calculated from multiplying 
cortical thickness and surface area in the surface-based representation. 
Volumetric techniques such as VBM identify the amount of grey matter in 
each voxel, permitting voxel-wise comparisons between subjects (adapted 
from Winkler et. al, 2010).  
 
 
Statistical analyses are performed voxel wise over the whole brain or regions of interest 
may be chosen, depending on the objective of study. Statistical tests are often corrected 
for multiple comparisons to prevent false positives (type 1 error) in the analyses. 
Common corrections include family-wise error (FWE) which controls for false positives 
across all hypotheses performing multiple comparisons and false discovery rate (FDR) 
which controls for the expected proportions of false positives among suprathreshold 
voxels. The FWE correction is favourable in large sample sizes while the tolerance in 
statistical power for the FDR is manageable for VBM analyses on relatively smaller 
sample sizes of 20-30 subjects (Whitwell, 2009).  
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Analyses of T1 data: 
Freesurfer 
The Freesurfer processing suite (http://surfer.nmr.mgh.harvard.edu/) is an open 
source fully automated pipeline. The Freesurfer toolkit provides visual representation of 
the cortical surface between grey and white matter, automated parcellation of anatomical 
regions and statistical analyses of group morphology. The surface-based processing 
stream (known as recon-all) used in this thesis consisted of data formatting to the “.mgz” 
file structure preferred by Freesurfer, for image normalization and skull stripping. The 
data was then segmented into grey matter, white matter and cerebrospinal fluid (CSF). 
The segmentation resulted in the white matter surface (the boundary between grey and 
white matter) and the pial surface (the boundary between grey matter and CSF) (Figure 
2.4). The surfaces were smoothed and reconstructed as foliated (Figure 2.5a) or inflated 
simulations (Figure 2.5b) (Fischl, 2012).  
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Figure 2.4. Freesurfer generated segmentations (a). The grey matter and white matter 
boundaries are represented as the yellow surface. The pial surface is shown 
in red. Cortical thickness is represented using the green arrows and is the 
distance between the white matter and the pial surface (adapted from 
http://freesurfer.net).  
 
 
Figure 2.5 Freesurfer cortical reconstructions. Foliated surface (a) and inflated surface (b) 
(adapted from http://freesurfer.net). 
 
Images then underwent automated cortical labelling processes and each 
hemisphere was parcellated into 35 anatomical regions including the corpus callosum 
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(anatomical regions are described in Appendix B). Surface based calculations provided 
summary estimates for grey matter volume, cortical thickness and surface area for each 
parcellation. The images were quality checked for proper segmentation. Data that failed 
segmentation due to incorrect skull stripping (Figure 2.6b), were manually corrected by 
editing ambiguous voxels directly, using tkmedit (http://freesurfer.net/fswiki/tkmedit) 
then, the edited images were re-entered into the recon-all pipeline for segmentation. The 
summary estimates of grey matter volume, cortical thickness and surface area were used 
for univariate structural equation modelling. 
 
Figure 2.6 Illustration of an inadequate skull strip. T1 image (a), skull stripped image 
with parts of the dura still remaining (b) and manually edited image (c). Z = 
80 across all images.  
Voxel Based Morphometry 
Voxel based morphometry (VBM) is commonly used in structural imaging studies 
to determine localized differences in grey matter volume, typically between two subject 
groups (John Ashburner & Friston, 2000). VBM using T1 structural images was executed 
through statistical parametric mapping (SPM5) software (www.fil.ion.ucl.ac.uk/spm) 
running on MATLAB v7.5.0 (R2007b) MathWorks, Natick, USA. VBM pre-processed 
images underwent a fully automated pipeline. The first step of the process spatially 
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normalized the images and registered them to the standard MNI152 (Montreal 
Neurological Institute) template space using nonlinear registration and 12 parameter 
affine transformations (Figure 2.7).  
 
 
Figure 2.7. Affine transformations preserve the centre of gravity of the object. Examples 
include translation (a), rotation (b), orthogonal zoom (c) and reflection (d).  
Tissue structures were then segmented into grey matter, white matter and CSF 
using a combination of cluster analysis and prior probability distributions. Bayesian 
probability distributions used a priori knowledge of tissue distribution to cluster voxel 
intensity distributions (J. Ashburner & Friston, 1997; John Ashburner & Friston, 2000). 
Modulation was applied to scale the image intensity so that the total amount of grey 
matter remained the same as the original image. Smoothing was applied to replace each 
voxel with the weighted average of the surrounding voxels. Smoothing reduced data 
variance and increased the likelihood of detecting anatomical differences (J. Ashburner & 
Friston, 1997; John Ashburner & Friston, 2000). Our data was smoothed using an 8mm 
FWHM (full width half maximum) Gaussian kernel. Voxel based morphometry 
technique allowed unbiased comparison of changes anywhere across the brain since a 
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priori specification of regions of interest was not necessary (Smith et al., 2006). Regions 
of interest were selected from the Automated Anatomical Labelling (AAL) atlas for use 
as the volume phenotype in univariate structural equation modelling. The volume of 
subcortical nuclei was also extracted however, unlike cortical grey matter; subcortical 
structures such as thalamus, caudate, putamen and amygdala have a high degree of 
heterogeneity in T1 properties. Grey matter volumes for the subcortical structures were 
derived for the structures in listed in Appendix C (Fischl et al., 2002).  
 
 
Diffusion tensor imaging of white matter 
 
Diffusion is a physical process resulting from thermally driven motion of molecules. This 
random drift of particles in fluid is described as Brownian motion (Beaulieu, 2002). In 
the brain, cellular architecture which include intracellular apparatus and extracellular 
structures such as neuron, glial cells and axons can impede translational movement of 
molecules (Beaulieu, 2002). The cytoskeleton of an axon typically consists of 
longitudinally oriented cylindrical microtubules and neurofilaments (Figure 2.8) 
(Beaulieu, 2002). Water moves more easily along the axonal bundles rather than 
perpendicular to these bundles. This motion of water molecules is represented as the 
diffusion term D and provides an image contrast based on structural orientation rather 
than proton density (PD) or T1, T2 time constants (Mori & Zhang, 2006) along the 
direction of measurement. Studies have shown this diffusion contrast to exist even in 
post-mortem brains (Mori & Zhang, 2006). 
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Figure 2.8 A longitudinal view of a myelin axon. The lipid membrane and the 
microtubular structure restricts water movement perpendicular to the axon 
but not in the parallel plane (adapted from Beaulieu, 2002). 
During a typical diffusion sampling time (30-60ms), water molecules in the brain move 
approximately 5-10µm (Figure 2.9). Water molecules encounter fewer obstacles along 
the fibre path thus diffusion in white matter tracts are strongly unidirectional (anisotropic) 
(Mori & Zhang, 2006; Nucifora, Verma, Lee, & Melhem, 2007). Within grey matter and 
cerebrospinal fluid, diffusion is equally likely in all directions thus motion probing 
gradients reconstruct an isotropic profile of water diffusion. 
 
It is impossible to obtain the principle direction of diffusion from a single MR intensity 
value. Magnetic field gradient pulses linearly alter the static magnetic field B0. By 
combining the longitudinal and transverse magnetic fields, a magnetic field gradient can 
be introduced to the static field in any predefined direction (Mori & Zhang, 2006).  
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Under a static magnetic field, all water molecules are locked in the same phase and 
frequency. When a linear gradient is applied in a single direction, the resonance 
frequency of the water molecule changes proportional to the strength of the magnetic 
field. When the magnetic field gradient pulse ends, the water molecules returns to the 
same frequency, however, their phase angles are no longer the same (Figure 2.9) (Mori & 
Zhang, 2006).  
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Figure 2.9 Diffusion tensor imaging schematic. The static magnetic field Bo (A). The 
gradient directions in each axis (B-D). The effects MRI signal intensity (E). 
The red and purple circles represent protons. Under a static magnetic field 
(Period I), these protons are phase locked. As gradient intensity increases 
across the y-axis, the phase angle between the protons change (Period II). 
When the static magnetic field is reapplied, the phase angles of the protons 
are approximately 90
o
 apart (Period III). The purple proton receives a 
stronger gradient pulse in the return directions to phase lock the protons 
once again (Period IV) (adapted from Mori & Zhang, 2006). 
 
If a second gradient pulse is applied for the same duration in the opposite direction, the 
water molecules are expected to realign to the same phase (Period IV, Figure 2.9). If 
there is translational water movement due to diffusion, perfect realignment is not possible 
(Mori & Zhang, 2006). Such asynchrony in phase angles results in signal loss in the 
pixels proportional to the amount of translational diffusion that has occurred (Mori & 
Zhang, 2006). In this sense, the signal intensity at each pixel depicts the extent of 
diffusion and is known as the apparent diffusion coefficient (ADC) measured in units of 
mm
2
s
-1
 and is derived by the Stejskal and Tanner equation (Stejskal & Tanner, 1965).  
S = Soe
-bD
,   (1) 
Where,  
b = γ2G2δ2(τ - ⅓δ),  (2)  
 
In equation 1 and 2, S is the signal strength in a pulse sequence; G is the gradient 
strength, with duration of δ and a decay of τ. So is the signal strength without the 
diffusion weighting and γ is the proton gyromagnetic ratio.  
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Therefore, in diffusion weighted images (DWI), synchronous regions are brighter and 
have low ADC while darker regions where phase asynchrony is greater have elevated 
ADCs. Measurements taken parallel to fibre tracts attain higher ADC compared to 
measurements taken perpendicular to the tracts (Mori & Zhang, 2006). Water motion 
only in the applied axis leads to signal loss, thus diffusion other than in the specified 
direction has no influence (Figure 2.10) (Mori & Zhang, 2006).  
 
Figure 2.10  Excitation of protons by applying diffusion gradients. Each square represents 
a pixel. The first graident excites the protons of the water molecuels. Before 
the second gradient is applied, some water molecues change phase angles 
because of the freedom to move. The second gradient pulse returns the 
protons to their orignal phase angle – aligned to the magnetic fied. However, 
those water molecules that moved, do not return to the orignal phase, 
decreasing signal intensity of the pixel (adapted from Mori & Zhang, 2006). 
 
A small fraction of the brain is occupied by blood capillaries (Le Bihan, Turner, Douek, 
& Patronas, 1992). The diffusion induced microcirculation of water is limited by the 
physical properties of the tissue such as cellular membranes and myelin fibers and is 
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distinct from the bulk water displacement through arterial perfusion (Le Bihan et al., 
1988).    
 
By applying gradients in many different directions, the direction of fastest diffusivity can 
be determined. Theoretically, a set of gradients in six different directions is enough to 
reconstruct the direction of fastest diffusivity (Figure 2.11) (Thomason & Thompson, 
2011). No comparable difference in direction of principal diffusion was found when 
comparing data from 6, 30, and 60 gradient directions (Lebel, Benner, & Beaulieu, 2012). 
However, it is not uncommon to use more than 12 gradient directions (Nucifora et al., 
2007) to determine the direction of water diffusion. In a clinical setting, this must be 
traded off with scan time (Ni, Kavcic, Zhu, Ekholm, & Zhong, 2006).  
 
 
Figure 2.11 Regions with highest Apparent Diffusivity Coefficient (ADC). The number 
in each image represents different regions. The axis are colour coded red, 
green and blue. The highest ADC is highlighted for each direction below 
each image (adapted from Mori & Zhang, 2006).  
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To prevent notoriously measuring ADC in every direction to finding the maximum ADC, 
measurements along a specified set of axis are fitted to a 3D ellipsoid to meaningfully 
represent the average diffusion distance in each direction (Mori & Zhang, 2006). The 
spectrums of ADC values are called eigenvalues where the maximum eigenvalue is λ1, 
λ2 is the median and λ3 is minimum value. Parameters describing the direction are 
termed eigenvectors v1, v2 and v3. A commonly used statistic known as fractional 
anisotropy (FA) determines the degree of isotropy using the eigenvalues. When λ1 = λ2 = 
λ3, the FA value is zero and is characteristic of isotropic diffusion. Strongly anisotropic 
diffusion have FA values approaching 1 (Taylor, Hsu, Krishnan, & MacFall, 2004).  
 
By convention the colour scheme denoting directional information is red for the x axis, 
green for the y axis and blue for the z axis. The pixel orientation can be extended to 
reconstruct fibre pathways using deterministic streamlines or probabilistic techniques 
which propagate white matter tracts from a predetermined origin (seed) using eigenvector 
orientation (Mori & Zhang, 2006). Streamlining selects strongly anisotropic pixels and by 
connecting the directional trajectory between neighbouring pixels, propagates the fibre 
tract in the direction of the principal eigenvector (Nucifora et al., 2007; Taylor et al., 
2004). The propagation is terminated by user defined criteria such as excessive deviation 
from the path or when the path can no longer be propagated because of sub-anisotropic 
values (normally FA<0.2) (Nucifora et al., 2007).  
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Another method of tract reconstruction uses a likelihood map that traces a path between 
two regions of interest (ROI) (Mori & Zhang, 2006). Here, each pixel registers a 
probability value of being included in the path between two ROIs and may prove useful 
for sub-anisotropic values (Nucifora et al., 2007) Probabilistic tractography of multiple 
fibre orientations provides significant advantages in resolving crossing fibres and 
increased sensitivity for non-dominant fibre populations (Behrens, Berg, Jbabdi, 
Rushworth, & Woolrich, 2007).  
 
Analyses of Diffusion Data: 
Tract based spatial statistics 
Track based spatial statistics (TBSS) uses diffusion weighted images and is a fully 
automated whole brain analyses for white matter. The procedure estimates the core of 
each fibre bundle by thinning the fibre bundles to create a mean FA skeletonised track 
that is representative of all subjects in a group (Smith et al., 2006). The skeletonization 
procedure overcomes the smoothing and alignment issues inherent in VBM. However, 
TBSS does poorly to account for crossing fibres which cannot be interpreted from FA 
values of each voxel. 
 
Prior to TBSS, FA images were prepared using DTIFIT as part of the FMRIB's 
Diffusion Toolbox (FDT) in FMRIB Software Library (FSL). A 4D series of data with 
diffusion weights for the 42 different directions and b0 images with no diffusion 
weighting were corrected for eddy currents. The brain extraction toolkit (BET) was 
applied to volumes in diffusion space. The Apparent Diffusivity Coefficient (ADC) was 
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calculated for each voxel using the 42 different directions. A 3D ellipsoid was then fitted 
to every voxel by calculating the average diffusion distance from each of the 42 sampled 
directions. The output of this process generated the first, second and third eigenvectors of 
diffusion within each voxel (Figure 2.12). These measures were then used to calculate FA 
using the equation below (Mori & Zhang, 2006).  
 
FA = ½ × ((λ1 – λ2)
2
 + (λ2 – λ3)
2 +(λ3 – λ1)
2) / (λ1
2
 + λ2
2 + λ3
2
)  (FA equation) 
 
 
Figure 2.12. Identifying the principal eigenvector. The ADC fitted for every direction in a 
voxel (a). An ellipsoid fitted to identify the first, second and third 
eigenvectors (b). The principal diffusion direction (c) (adapted from Mori, 
S., & Zhang, J. (2006).). 
 
We used a Matlab script to extract FA images from individual subject folders. A 
UNIX shell script was executed to create the new sub-directories for output file structure 
and nonlinear registration was used to align all FA images to MNI152 standard space. 
The registered images were merged into a single 4D image file. Next the mean FA tract 
was generated for each individual by extracting only the tracts that were common to all 
subjects. A perpendicular search along the white matter was performed to locate the 
voxel with the highest FA and this is identified as the centre of the tract. Each centre 
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voxel was appended onto a 3D mean FA skeleton. The mean FA skeleton was projected 
back onto individual subjects images in MNI152 standard space generating  skeletonized 
FA images for each subject (Smith et al., 2006). Once in standard space, a MNI space 
white matter atlas (The JHU ICBM-DTI-81) was used to label the sections of the white 
matter skeleton to 42 major white matter tracts. This atlas has been validated and the 
labels could be considered reliable approximations of major white matter bundles such as 
cingulum, corpus callosum  and others (Smith et al., 2006).    
 
Tractography 
Tractography is another approach involving the generation of white matter fibre 
bundles between pre-specified seed and target regions. Tractography has an advantage 
over TBSS based processing in that, it is better able to resolve crossing fibres which tend 
to split, merge and fan out while reaching their destination. Unlike TBSS, it also allows 
to capture the whole white matter tract between any two points in the brain. We used the 
probabilistic tractography software available as part of the FMRIB software library (FSL) 
for tractography analyses.  
 
Prior to using probabilistic tractography, multi fibre orientations were modelled 
using Bayesian Estimation of Diffusion Parameters Obtained using Sampling Techniques 
(BEDPOSTX) to account for crossing fibres in each voxel (the X standing for crossing 
fibres). Next we used PROBTRACKX which uses these multi fibre orientations to 
perform probabilistic tractography. Streamline tracts were computed for 1000 iterations 
between seed and target regions. The sampling technique allowed PROBTRACKX to 
stimulate a posterior distribution back to the origin of the seed location (Behrens et al., 
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2007). For this thesis, probabilistic tractography was performed to map the white matter 
fibre connections within the Default Mode Network (DMN). Seed and target regions 
were derived from previously published work on the same twin sample (Mayuresh S 
Korgaonkar et al., 2014). These regions were defined in MNI152 standard space and 
hence were inverse transformed to each subject’s native DTI space using the 
standard2diff.mat matrix generated as part of BEDPOSTX. This step was necessary since 
tractography could only be performed in diffusion space. Tractography was performed on 
five key regions of the DMN, namely, the medial prefrontal cortex (mPFC), posterior 
cingulate cortex (PCC), left temporal lobe (LTC), left and right inferior parietal  cortices 
(LIPC and RIPC). A 5-by-5 connectivity matrix containing the number of fibres between 
each seed-target pair was extracted from the computation. The summary of maximum 
number of fibres between the seed-target and target-seed was used as the phenotype for 
multivariate structural equation modelling.  
 
Univariate Structural Equation Modelling  
 
As described in the previous chapter, the standard univariate ACE model is the 
accepted model for heritability analyses and decomposes phenotypic variance into 
additive genetics (A), common environment (C) and unique environment (E). Additive 
genetics is also referred to as heritability and determines the genetic proportion of the 
phenotypic variation between twins. Common environmental effects add to the similarity 
between twins and since it is identical for both twins, has a correlation of 1. Unique 
environmental effects are twin specific environmental variation and therefore is 
 69 
uncorrelated and includes measurement errors (Michael C. Neale & Maes, 1992). In the 
ACE model, monozygotic (MZ) twins share a genetic correlation of 1 since their genetic 
code are identical by decent. The genetic correlation of dizygotic (DZ) twins is 0.5 since 
DZ twins share on average 50% of their genetic code (Michael C. Neale & Maes, 1992). 
Heritability analyses assess how well the measured phenotype (in our case the 
imaging measures of GM and WM), fit the theoretical model predicted by the 
unmeasured latent variables. The ACE model was first compared to the ADE model, 
where D was dominate genetic effects (DZ r = 0.25). By comparing the ACE model 
against the ADE model using likelihood estimates, we got an indication of how adequate 
the ACE model fit was to the data (Maes, 2005). The significance of the latent parameters 
was tested by dropping each parameter from the ACE model and determining the fit of 
the resulting sub-model using the Akaike’s Information Criterion (AIC) and the 
difference in minus two log likelihood estimates (equivalent to the chi squared values 
between models). A significant shift in the fit of the model implied that the dropped 
parameter accounted for a significant part of the phenotypic variation (Maes, 2005; 
Michael C. Neale & Maes, 1992).  
 
 These analyses were performed using openMx package (Boker et al., 2011) 
running on R version 2.14.1 (R Development Core Team, 2009). The original script was 
written by Sarah Medland (Queensland Institute for Medical Research, 
Sarah.Medland@qimrberghofer.edu.au) and was designed to determine the degree of 
genetic influence on height with age and gender as covariates. The script was first 
modified to run a for-loop across all brain regions with education as an additional 
covariate. Hypothesized sub-models nested were first tested against the saturated model 
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and the additive genetics, dominant genetics and common environment were dropped one 
at a time to determine the most parsimonious model. A significant difference in the fit of 
the model implied that the dropped parameter accounted for a significant part of the 
phenotypic variation and thus could not be dropped from the model.  
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CHAPTER 3 COMPARISON OF HERITABILITY ANALYSES USING VOXELWISE 
AND REGION OF INTEREST MEASURES 
INTRODUCTION 
 
The rapid increase in computational power and global move towards pooling, “big-data” has 
encouraged discovery studies such as the Human Connectome Project (P. M. Thompson, Ge, 
Glahn, Jahanshad, & Nichols, 2013) and ENIGMA (Jahanshad et al., 2013) that aim to perform 
voxelwise searchers over the entire brain and scan the genome for non-random associations (Ge, 
Feng, Hibar, Thompson, & Nichols, 2012). These approaches maximise the resolution obtainable 
from both imaging and genomics and are completely data-driven, allowing novel imaging-
genomics relationships to be identified (Davatzikos, 2004). Studies using twin cohorts permit the 
estimation of overall genetic influence using a measure called heritability – this provides an 
important backdrop from which to better understand the impact of more focused genome wide 
association studies (GWAS) and linkage studies. 
The previous chapter described the structural MRI techniques that can be used to generate 
imaging phenotypes for heritability analyses. In the present chapter, we present an examination 
of two different imaging approaches, (1) that maximizes imaging resolution (voxelwise) and (2) 
that maximises signal by using a single summary measure for each region using a region of 
interest (ROI) based approach. This evaluation was done as first step in order to guide the choice 
of methods for generating the imaging phenotypes for heritability analyses in the chapters that 
follow.  
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There is ample evidence that the genetic influence on the brain is regionally heterogeneous (P. 
M. Thompson et al., 2001), but the genetic heterogeneity within individual brain structures 
remains to be explored. This intrinsic heterogeneity is not always reflected in the analytical 
approaches used in genetic studies of neuroimaging data, which often uses a summary region-of-
interest (ROI) measure to characterize an imaging phenotype (e.g. fractional anisotropy averaged 
over the entire corpus callosum or volume of the whole hippocampus) (Giedd et al., 2007; 
Kremen et al., 2010).  
Mean ROI analyses spatially averages all the voxels within a ROI and explicitly fits normality 
assumptions for parametric genetic modelling. However, this approach ignores the spatial 
relationship between voxels and assumes that the measure under study is homogeneous for the 
specified ROI (Ge et al., 2012; Winkler et al., 2012). As a consequence, spatial heritability 
patterns may be overlooked (J. Park, Shedden, & Polk, 2012). Also, if there is a high degree of 
heterogeneity, this approach may give rise to a diluted heritability estimate and incur a 
significant loss of power. In contrast, a voxelwise analytical approach may better represent intra-
regional data variability and hence be more likely to capture spatial patterns of genetic influence 
within a particular brain region (J. Park et al., 2012). A major limitation however, is that voxels-
wise analyses often do not satisfy Gaussian random field theory assumptions which must be met 
for parametric modelling to be used. Voxelwise indices are likely to follow lognormal 
distribution, and as such power transformations such as Box-Cox are often necessary to counter 
these statistical artefacts (Anderson M Winkler et al., 2012). A further drawback is the immense 
number of comparisons inherent in a non-biologically informed voxelwise approach, generating 
“false positive” observations from Type-1 statistical error (Ge et al., 2012). Further, the high 
variance in voxelwise datasets means that the individual effects of detecting genetic risk variants 
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may become very small and are uninformative as endophenotypic signals (Jahanshad et al., 
2013).  
 
Voxel-level analyses have allowed the use of the high resolution imaging datasets for the 
assessment of neuroimaging phenotypes in relation to neurodevelopment, aging and disease 
status (Davatzikos, 2004). It is therefore desirable to understand the degree of genetic influence 
on these phenotypes at a similar spatial resolution. Given the issues outlined above regarding 
power and spatial dilution, it is critical to know how genetic estimates differ between the ROI 
and voxelwise approaches. A further consideration is that the advances in high-field MRI at 7T 
and beyond have the potential to image at a resolution that would enable sub-cortical 
stratification. Advanced tractography measurements such as diffusion spectrum imaging, can 
also generate similar extremely high resolution datasets. The availability of these high resolution 
imaging techniques make an ROI approach seem a somewhat crude representation of the 
structural information of the brain. In this context, we evaluated whether improved resolution 
can add new information towards understanding genetic-structural links.  
This chapter specifically tested volume measurements in three grey matter regions (the right 
Heschl region, the left caudate and the cingulum gyrus), and the diffusion characteristics of three 
white matter tracts (left uncinate fasciculus, right external capsule and the body of the corpus 
callosum). These regions were selected to encompass three classes of ROI size (viz. small, 
moderate, large). As a trade-off between the two approaches, an intermediate level of spatial 
averaging for mean ROI based techniques was also evaluated. This was done by dividing each 
ROI into further smaller divisions to understand the impact of spatial resolution on the sensitivity 
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of the heritability analysis. These results provided a valuable basis to guide analytical techniques 
for heritability studies and also a context from which to interpret both ROI and voxel-by-voxel 
genetic estimates of neuroimaging data.  
 
 
METHODS 
The demographic information and study sample have been described in chapter 2 in the 
study organization sections.  
 
ROI selection 
 
Three ROIs were selected for grey matter and three for white matter. The ROIs covered a 
size distribution of small, moderate and large together with representations of lateral and medial 
spatial locations. A priori heritability results, (table 4.1a,b and table 5. 1) were used to ensure that 
the selected ROIs were known to have significant genetic influences and were bilaterally 
homogenous (Ram et al. under review).  
 
VBM pre-processing 
 
The VBM pre-processing steps have been described in detail in chapter 2 of this thesis. 
Voxelwise heritability analyses were performed on VBM data for the a priori selected right 
Heschl region, the left caudate region and the entire cingulum gyrus. These ROIs were defined 
using the AAL (Automated anatomical labelling) atlas (Tzourio-Mazoyer et al., 2002). ROI 
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volume for each of the regions was also extracted for each subject and tested for heritability 
estimates. Next the ROIs were spatially decomposed into 2 and 4 equal subunits for smaller 
ROIs and an additional 10 equal subunits only for larger ROI. ROI volumes were also 
decomposed into single voxel thick slices across the coronal axis and the mean ROI volume time 
series was extracted at all levels of segmentation. Heritability analyses for each segment 
resolution were compared against that estimates acquired using the single summary ROI 
measure.  
 
DTI pre-processing: 
 
FA images were acquired using the steps described in chapter 2 of the thesis. The normalized FA 
images were smoothed using 8mm full-width at half-maximum (FWHM) Gaussian kernel in 
SPM8. Mean tract FA was extracted for the left uncinate fasciculus, the right external capsule 
and the body of the corpus callosum using the JHU ICBM DTI 81 WM labels atlas (Mori et al., 
2008). Spatial decomposition and voxelwise heritability analyses were performed similar to that 
described for the VBM grey matter structural ROIs.  
The VBM and FA images were first tested for homogeneity, which is a requirement for 
parametric genetic modelling. The Shapiro-Wilk test was performed across all subjects for every 
voxel within each VBM and DTI ROI parcellation. The data was tested for smoothed images and 
both log10 and Box-Cox power transforms. 
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Univariate genetic modelling:  
 
Univariate structural equation modelling used to determine heritability, has been described in 
chapter 2 of this thesis. The mean ROI based heritability analyses were performed on individual 
ROI and their subsequent segmentations (2, 4, 10 and uni-voxel coronal slice). For voxelwise 
heritability analyses, univariate SEM was performed for every voxel within each ROI. Heat 
maps were reconstructed to visualize the heritability distribution over each of the ROIs. The 
voxelwise heritability maps were corrected for multiple comparisons using a corrected p-value 
generated through AlphaSim Monte Carlo simulations 
(AlphaSim;http://afni.nimh.nih.gov/pub/dist/doc/program_help/AlphaSim.html). Using 
AlphaSim, we estimated the minimum cluster size threshold (statistical power) required for a 
true positive in a given ROI. For example, at 1000 iterations and an alpha level of 0.05, a cluster 
threshold of 266 contiguous voxels was determined for the left caudate region (2278 voxels in 
total). The monte carlo permutations were performed on the normally distributed data for each of 
the targeted ROI and white matter tracts. In most applications, only a small fraction of test 
statistics are significant, however,  statistical significance has been found to converge with each 
1000 permutation when scaled logarithmically, thus more permutations may not be necessary, 
since the P-value can already be determined with great accuracy (Knijnenburg, Wessels, 
Reinders, & Shmulevich, 2009).  
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RESULTS  
 
 
Normality test for voxelwise data 
 
Voxelwise data were tested for homogeneity of variance using the Wilks-Shapario test for 
normality (Figure 3.1). For the GM structures – approximately 0.7% of voxels did not fit a 
normal distribution for the right Heschl region (4 voxels), approximately 10% for the left caudate 
voxels (228 voxels), and 6% of the cingulate gyrus voxels (1140 voxels) did not meet normality 
criteria. Data from other studies using imaging measures have suggested that approximately 5% 
of the voxels/vertices are expected to be not normal post power transformations (Anderson M 
Winkler et al., 2012).  
 
For the WM tracts smoothed with an 8 mm FWHM Gaussian kernel, approximately 26% of the 
voxel failed normality assumptions for the left uncinate fasciculus, 8% for the right external 
capsule and 22% for the body of the corpus callosum. Further, we applied power transformations 
including log-normal and Box-Cox transformations, with no significant effect on the deviation 
from normality.  
.  
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Figure 3.1. Summary of normality test and heritability heat-map. The data represented corrected 
p-values. The p-value scale represents both tests for normality determined by 
Shapiro–Wilk tests and significance test for heritability determine by SEM models. 
 
 
Region-wise vs. voxel-wise 
 
Table 3.1 summarizes heritability estimates for both the ROI summary and voxelwise 
approaches. Heritability was significant for all 3 GM structures (volume) and the 3 WM tracts 
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(FA) using both techniques (Table 3.1). For the voxelwise analysis of the GM regions, 46% of 
all voxels in the right Heschl region formed a single significant heritable cluster. In the relatively 
larger left caudate region 78% of all voxels were significantly heritable within a single 
contiguous cluster. In the cingulum, the largest of the three GM regions, a single contiguous 
cluster comprising of 33% of all voxels being significantly heritable (Table 3.1). These 
contiguous clusters represent highly heritable sub-regions within each of the ROI and confirm 
that there is considerable inhomogeneity in heritability within each structure. Heritability 
estimates from the mean ROI analysis method were found to be consistently higher than those 
estimated using the voxelwise analysis across the three GM regions. This difference between 
mean ROI and voxelwise heritability estimates increased with ROI size.  
For voxelwise heritability analysis of the WM regions, the smallest of the selected WM tracts i.e. 
the left uncinate fasciculus had a single contiguous cluster compromising 96% of the voxels. 
These voxels showed a highly skewed distribution of heritability values with the peak heritability 
frequency matching the mean ROI-based heritability (Figure 3.2). The moderately sized right 
external capsule consisted of 56% of the voxels significantly heritable for a single contiguous 
cluster. The biggest white matter tract, the body of the corpus callosum, had 86% of the voxels 
significantly heritable in a contiguous cluster (Table 3.1). In the left uncinate fasciculus, which 
had nearly all the voxels in a single contiguous cluster, the mean heritability across voxels (0.72) 
closely matched the heritability calculated from the mean ROI-based approach. The opposite was 
true for the cingulum where only 33% of the voxels formed a single contiguous cluster; here the 
mean ROI-based heritability (0.65) was greater than the heritability calculated from the mean 
heritability across voxels (0.49). Despite 86% of the corpus callosum forming a significantly 
heritable cluster, there was a difference in heritability between the ROI-based approach (0.69) 
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and that calculated from the mean heritability across all voxel within the ROI (0.59). For  both 
the selected GM and WM regions, the uncinate fasciculus was the only structure where a high 
percentage of voxels within the structure (96%) were involved in a significant contiguous cluster 
of high heritability.  
 
 
Table 3. 1. Comparison between voxelwise heritability estimates and mean-ROI based estimates.  
 
 Voxel wise approach Mean ROI based 
approach 
  
  
Measure Total 
Voxels in 
ROI 
mean 
heritabilit
y across 
all voxels 
number of 
voxels with 
significant 
heritability 
estimate 
(corrected p-
value) 
Heritability 
using ROI 
analysis 
p-value 
Structure Heschl R VBM 550 0.6 252 0.67 0.02 
  Caudate L VBM 2278 0.64 1771 0.73 5.90E-
012 
 Cingulum gyrus VBM 18,186 0.49 5977 0.65 0.01 
 Connectivity Uncinate 
fasciculus L 
FA 375 0.72 359 0.74 0.01 
  External capsule 
R 
FA 5612 0.55 3137 0.64 4.26E-
007 
  Corpus Callosum 
body 
FA 13,711 0.59 11,821 0.69 1.77E-
009 
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Figure 3.2. Distribution of voxelwise heritability across voxels for each ROI. The x-axis 
represents heritability and the y-axis represents the number of voxels. The asterisk 
in each plot marked the heritability estimate calculated from the mean ROI 
approach.  
Impact of ROI subdivision on heritability estimates 
 
To evaluate the impact of subdivision of the main ROI, heritability was examined by 
systematically decomposing selected GM and WM ROIs into incrementally smaller units of up 
to 10 sub regions along the coronal plane and across slices as described in the methods section. 
These were compared to heritability analyses estimated from voxel-level resolution and also the 
single summary measure from ROI analysis (Figure 3.3).  
 
For both the phenotypic measures, although the mean summary measure from the subunits 
remained consistent, the variance in the phenotype measure increased with the size of the ROI 
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(Figure 3.3). Voxelwise heritability was lower than mean ROI heritability estimates and 
increased as the segmentation for the ROI became fewer.  
 
 
 
Figure 3.3. Data variance compared to heritability variance at sequential resolutions for each 
ROI. The x-axis represents the number of partitions and the y-axis represents the 
phenotypic measure or heritability estimate. Larger ROIs such as the cingulum and 
corpus callosum were divided into as many as 10-parts. The size of smaller ROIs 
prevented segmentation into 10 subunits.  
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DISCUSSION  
 
Our results show that heritability estimated using ROI-based summary measures were 
higher for both brain grey and white matter measures compared to those obtained from 
voxel based analysis. Voxelwise methods captured the spatial heterogeneity of 
heritability and, in our analysis identified several distinct heritable clusters within each 
ROI (Figure 1). The degree of heterogeneity within each ROI (Figure 3.2) was an 
indicator of the discrepancy between mean ROI-based and voxelwise heritability 
estimates.  
Improved imaging techniques have allowed measurement of imaging phenotypes at finer 
resolutions. A voxel-wise analytical approach serves to maximize this improved 
resolution; however this was confounded by several factors. Group level analyses of 
voxelwise data require spatial normalization and smoothing, resulting in a lower 
resolution compared to that obtained at acquisition (Pell et al., 2010). While image 
smoothing may help meet the criteria of normal distribution for heritability analyses (Pell 
et al., 2010), there is also a concomitant increase in volatility, secondary to Gaussian 
random field theory assumptions, and this homogenized variation serves to inflate the 
number of false positives in the data (Scarpazza, Sartori, De Simone, & Mechelli, 2013). 
Further, voxelwise approaches are known to be more sensitive to noise and segmentation 
errors due to partial volume effects (Clarkson et al., 2011). Regions adjacent to the CSF 
such as the caudate nucleus, cingulum and the corpus callosum are prone to partial 
volume effects (Clarkson et al., 2011) resulting in greater heterogeneity and hence may 
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be differentially affected by this effect. This has implications in detecting within-twin 
differences for monozygotic and dizygotic twins since heritability is intrinsically 
dependent on the intra-twin variance of the phenotypic measure under observation – 
hence a reduction in this variance may adversely affect heritability estimates. It has been 
argued that direct smoothing of raw twin imaging data should be avoided, due to reduced 
sensitivity to detect genetic effects (Y. Li et al., 2012). However, our analysis showed 
that smoothing was critical for taking advantage of the full spatial information of larger 
ROIs that, may otherwise remain unexplained in mean-ROI based estimates. This was of 
key relevance since each voxel was influenced by its neighbouring voxels rather than 
sourced as an independent unit. However, it is known that the degree of smoothing is 
inversely proportional to the likelihood of detecting significant differences in the sample 
(Scarpazza et al., 2013).  This suggests that larger smoothing kernels reduced the 
instances of detecting statistically significant differences and inherently biases the results 
for a priori selected smoothing kernels. 
 In our analysis of the FA, data transformation approaches such as log10 and Box-Cox 
transformations did not bring the central tendency of FA to fit normality. Tract based 
spatial statistics (Smith et al., 2006), a commonly preferred voxelwise equivalent method 
for assessing white matter tracts, did not meet the normality criteria for this analysis. In 
contrast, using FA images registered to a target image only, modestly violated normality 
assumptions for the majority of the regions tested – the largest deviation from normality 
was the left uncinate fasciculus, where a maximum 26% of the voxels deviated from 
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normality. Another issue that affects FA data is the lack of uniformity along the tract 
(Partridge et al., 2005). It is unclear if the number of crossing fibres modulate the tract 
homogeneity however, the combination of voxels as a single ROI statistic may average 
out significantly heritable clusters within tracts.  
The objective of our spatial decomposition analysis was to test an intermediate level of 
spatial averaging for mean ROI based techniques in comparison to a voxelwise analytical 
approach. In ROI-based estimates, spatial averaging was based on ROI size and could 
vary considerably from few hundred voxels to 18,200 voxels for larger structures like the 
cingulum (Eyler et al., 2012). In contrast, in the voxelwise analysis the degree of spatial 
averaging depended on the smoothing kernel that was used but was essentially 
independent of ROI size under the conditions of our analysis. Our data showed that the 
degree of variability in FA generally increased with decreasing size of ROI in the ROI 
based approach. Although this variability was reflected in the heritability, the mean 
heritability remained stable across all ROI sizes using an ROI-based approach, with the 
greatest dilution observed using a voxelwise approach (Figure 3.3). This apparent 
contradiction in heritability variance was likely to be a function of the spatial resolution. 
The mean ROI-based approach had a significant signal-to-noise advantage compared to 
voxelwise analyses. This was reflected in higher heritability estimates in both our data, 
and in previous structural neuroimaging data (J. Park et al., 2012). However, since there 
were considerable levels of signal inhomogeneity within many ROIs (the level being 
highly variable depending on the specific brain structure or white matter tract), the mean 
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signal depicted a diluted representation of heritable clusters within a ROI (J. Park et al., 
2012). Mean ROI-based approaches have previously been recommended for smaller 
surface based ROIs (Eyler et al., 2012). Our study supports this recommendation, as it 
shows that the deviation from the mean  in ROI-based estimates increases compared to 
voxelwise estimates with the increase in size of the ROI for both grey and white matter. 
This suggests that the degree of spatial averaging influences ROI heritability such that 
heritability is likely to be greater for larger regions.  
 
Voxelwise genome-wide associations studies have shown that effects do not survive false 
discovery rate corrections at high imaging resolutions (Stein et al., 2010). An alternative 
approach would be to target genetically significant contiguous clusters rather than single 
voxels for single nucleotide polymorphisms (SNPs). GWAS that have employed both 
Freesurfer and VBM analyses techniques on the same set of ROIs, have shown greater 
genetic sensitivity with VBM based imaging techniques (Shen et al., 2010). Our study 
shows that the degree of genetic influence is spatially diffuse over the brain and is 
clustered at a voxel level resolution. Identifying these significantly heritable clusters may 
maximize the power to observe correlation with increased genetic resolution such as 
those applied with genome wide association studies (GWAS) to pinpoint genetic 
“hotspots” or cluster of voxels associated with genetic risk (Vounou, Nichols, & 
Montana, 2010). This might be critical for psychiatric disorders where heterogeneity 
within the ROI may be relevant and best captured using voxelwise genetic analyses. 
However, the main limitation of voxelwise analyses was the possibility of false positives 
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due to 0.7-26% of the data being sampled from non-normally distributed voxels. 
Voxelwise TBSS skeletonized images were found to have lower heritability compared to 
ROI-based analyses (Neda Jahanshad et al., 2012). Caution is therefore emphasized when 
using voxelwise TBSS data because of the problems of violation of normality 
assumptions results in type I error and significant loss of power (Diao & Lin, 2005).  
 
Future directions and suggestions 
Recently, large scale meta-analyse of twin data across a broad range of human traits have 
become possible (Polderman et al., 2015) however, currently there are no benchmarks 
available to compare heritability among processing streams. There are no agreed 
standards concerning the width of the smoothing kernel with studies ranging from 4-
16mm FWHM (Jones, Symms, Cercignani, & Howard, 2005). Future investigations may 
report statistical significance at varying levels of smoothing or require adaptive 
approaches such as those investigated in fMRI (Ruttimann et al., 1998).   
The ROI spatial resolution was the only parameter investigated in this study. Our study 
used a twins cohort to evaluate heritability; hence the impact on choice of ROI vs. 
voxelwise method on direct gene correlations remains unknown. While the findings are 
relevant to heritability analyses employed in this thesis, further work is required to 
determine the sensitivity of using these methods with increased genetic resolution such as 
linkage analyses and GWAS. For example, Stein et al (2010) have provided a ranked list 
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of candidate genes with potential effects on brain structure and may serve as a starting 
point for this investigation. The systematic identification of contiguous clusters within a 
ROI has the potential to greatly improve the consistency of more detailed GWAS and 
genetic linkage studies allowing the a priori selection of target ROIs. Polygenetic effects 
such as those determined from the transcriptome (Sun et al., 2012) and high resolution 
single nucleotide polymorphisms may require unsmoothed data to improve sensitivity 
(Chiang, Avedissian, et al., 2009). 
In summary, mean ROI-based approaches may improve power and signal-to-noise for 
heritability estimates compared to heritability estimates using a voxelwise approach. This 
advantage is somewhat tempered when using larger ROIs, where there appears to be a 
greater estimation of heritability. In contrast, the accuracy of voxelwise analysis is not 
affected by the size of the region analysed. This approach also has the inherent advantage 
that it can capture the spatial patterns of heritability more fully than an ROI-based 
approach, an advantage that is especially true within larger brain regions. 
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CHAPTER 4 HERITABILITY OF GREY MATTER 
INTRODUCTION 
 
Brain grey matter volumetric measures obtained from MRI have been traditionally used 
to characterize cortical morphology. Changes in brain volume have been linked to an 
array of co-morbid psychiatric and neurological illnesses with known genetic 
predispositions (Keshavan, Prasad, & Pearlson, 2007). For example, grey matter deficits 
have been found in late onset depression for the right lateral temporal cortex, right 
parietal cortex and for sensory motor regions (Ballmaier et al., 2004) and decreased 
bilateral hippocampal volume (Steffens et al., 2000). In schizophrenia, decreases in grey 
matter density have been found for the left superior frontal region. Left temporal gyrus, 
right caudate nucleus and the right thalamus (van Haren et al., 2007). Grey matter loss 
has been shown for neurological conditions such as Alzheimer’s disease for the bilateral 
temporal and parietal cortices (P. M. Thompson et al., 2003), and in multiple sclerosis for 
bilateral sensory motor cortices, bilateral insula, bilateral thalamus,  left temporal gyrus 
and left cerebellar hemisphere (Bodini et al., 2009).  Given the known grey matter 
differences between patients and controls and the known genetic predisposition for 
majority of these disorders, grey matter may be a suitable candidate endophenotype.  
 
Whole brain grey matter has been shown to be highly heritable (0.82) (Daniëlle Posthuma 
et al., 2002). Transcriptome studies have shown gene expression to be robustly organized 
into modules of co-expression, based on tissue type.  For example, the neocortex, 
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cerebellum, dorsal thalamus and amygdala had little internal genetic variation however, 
differential expression was present between these regions (Hawrylycz et al., 2012).  .  
 
Furthermore, cortical grey matter volume is geometrically multidimensional and is a 
combination of both cortical thickness and sulcal folding. Cortical thickness and surface 
area follow a characteristic relationship. The cortical thickness of a gyrus is dependent on 
the gyral window which is defined as the amount of white matter below the fold. If the 
cortical thickness was to approach twice the gyral width, then the gyral window would 
close since there would be no fissure for the underlying white matter to fill (Prothero & 
Sundsten, 1984). The cortical thickness is therefore limited by the capacity of white 
matter connectivity. In this sense, cortical thickness varies little across structures 
however; the size of a structure is reflected by its surface area.  
 
 An illustration of this is seen at the evolutionary level, where increases in brain volume 
across species have largely been the result of increases in the overall cortical surface area, 
resulting in extensive folding of the cortical surface in contrast to increases in thickness 
(Im et al., 2008; Pakkenberg & Gundersen, 1997; Prothero JW, 1984; Rakic, 1988). In 
comparison, cortical thickness has remained relatively constant across species – 0.7-
0.9mm for the smallest mammals and 2-4mm for humans and other large mammals 
(Zhang & Sejnowski, 2000). The degree of cortical folding and cortical white matter have 
been shown to directly scale across primate species, a relationship suggested to be the 
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result of axonal tension in the underlying connectivity between cortical grey matter 
regions (Herculano-Houzel, 2010).  
 
The present chapter fragments the density of neural cell bodies into grey matter 
volume, surface area and cortical thickness and highlights, at least in part the how much 
each of these indices can be modified by common and unique experiences. The direct 
comparison of heritability from a large twin cohort adds to the fundamental 
understanding, linking the relationship between cortical thickness and volume (Anderson 
M. Winkler et al., 2010)  and cortical thickness and surface area (Panizzon et al., 2009). 
It has been shown that both cortical thickness and surface area maybe driven by 
distinct genetic factors (Panizzon et al., 2009; Anderson M. Winkler et al., 2010). 
Therefore, acknowledging the underlying cytoarchitecture is a prerequisite to interpreting 
genetically informative neuroimaging findings related to psychiatric and neurological 
disorders. Such distinctions may assist in resolving inconsistencies in findings of cortical 
grey matter volumetric abnormalities across studies (Keshavan et al., 2007; Poul; 
Videbech & Barbara  Ravnkilde, 2004).  
 
 
This chapter, maps the regional heterogeneity in heritability across the entire brain 
for volume and also its subcomponents - cortical thickness and surface area. We applied 
the ACE model described in chapter 1 to evaluate genetic and environmental relationship 
governing these 3 cortical grey matter structural measures. The hypothesis was that 
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heritability of surface area and cortical thickness would be differentially correlated with 
corresponding cortical grey matter volume.  
 
 
METHODS 
The demographic information and study sample have been described in chapter 2 
in the study organization sections 
 
Freesurfer pre-processing 
 
Structural MRI data analysis have been described in detail in Chapter 2 
(Freesurfer section) and published previously (Gatt et al., 2012; Grieve, Korgaonkar, 
Clark, & Williams, 2011). Mean cortical thickness, cortical volume and cortical surface 
area was computed for 35 distinct neuroanatomical regions in each hemisphere. In 
addition, volume of the nine key subcortical regions per hemisphere was extracted for 
heritability analyses (see Appendix B and C). 
Univariate genetic modelling:  
 
The theoretical basis for the univariate SEM model has been described in chapter 1 and 
the details of the method been described in chapter 2.  
 A significant decrease in the fit of the model after dropping a component, indicated that 
the component had a relevant contribution to the phenotype and therefore cannot be 
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excluded from the model.  For example, to test the significance of common environment 
the AE model can be compared against the ACE/ADE model; likewise to test for additive 
genetics the CE model can be compared against the ACE/ADE model. A significant 
heritability (h
2
) was ascertained based on the significance of the additive genetics (A) 
parameter and was estimated as the percentage of the total phenotypic variance attributed 
to this parameter. To account for type 1 errors due to the number of brain regions tested,  
Bonferroni corrected p value was used i.e. heritability effects were considered to be 
significant at a corrected p level of 0.007 (0.05/70 brain regions). Bonferroni corrections 
are considered the most conservative control for multiple comparisons. Still, no standard 
consensus has been reached for the adjustment of false positives (Østby et al., 2009).  
RESULTS 
Unless specified, the heritability values reported below have been bilaterally 
averaged. The results below are based on the AE model which was determined as the 
most parsimonious model from likelihood estimates. The Bonferroni correction for 
multiple comparisons was done for the p-values.  
 
Heritability of grey matter 
 
Overall cortical volume and surface area measures of grey matter were more 
sensitive to genetic influences compared to thickness. This was reflected in a higher 
overall heritability averaged across the regions (Table 4.1a). Further, majority of the 
regions with significant genetic contribution were the same for both volume and surface 
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area suggesting a correlated genetic influence for volume with surface area (Spearman’s 
correlation r=0.84) rather than with cortical thickness (Spearman’s correlation volume: 
r=0.33; surface area r=0.26). 
 
The heritability for all three grey matter measures ranged from 0 to 83%, with 
variance for most of the regions attributable to genetic and unique environment. Overall 
the regions of the occipital lobe were found to have highest heritability, while the limbic 
lobe cortical regions had the lowest heritability across the three measures (Table 4.1a), 
with the pericalcarine region located just below the cuneus having the highest heritability 
for both volume and surface area (Table 4.1a).  
  
Volume 
Total brain grey matter volume was found to be 87% heritable. Genetic effects 
were significant (p<0.05) with at least 50% heritability for: the bilateral lateral-
orbitofrontal, precental, and superior frontal regions in the frontal lobe; the bilateral 
fusiform, superior temporal, middle temporal, left transverse temporal, and the right 
superior temporal sulcus in the temporal lobe; the bilateral superior parietal cortex, left 
inferior parietal and the right precuneus and supramarginal regions in the parietal lobe; 
and the bilateral lingual and pericalcarine and the right lateral occipital cortex (Table 
3.2).  
 
Heritability estimates were generally symmetrical between hemispheres for 
volume data. Limbic regions that were significantly heritable included the hippocampus 
(H=75%), amygdala (H=63%) and the isthmuscingulate-L (H=38%). Subcortical 
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structures with significant heritability included the brainstem (H=91%), bilateral 
thalamus proper (H=72%), left caudate (H=67%), right putamen (H=76%), left pallidum 
(H=52%) and left accumbens (H=49%) (Table 4.1b). 
 
Surface Area 
 
The majority of ROIs with significantly heritable volume also had a significant 
genetic effect for surface area measurements. Regions which had a significant heritability 
for surface area but not for volume were: right medial orbitofrontal, rostral middle 
frontal, bilateral insula, right parahippocampal gyrus and posterior cingulate cortex 
within the limbic lobe and the right paracentral and the right cuneus in the parietal and 
occipital lobes respectively. Regions that survived multiple corrections were the bilateral 
precentral gyrus, right rostral medial frontal region and bilateral insula from the frontal 
lobe, bilateral medial, superior and left transverse regions of the temporal lobe, right 
parahippocampus of the limbic region, right precuneus and right superior parietal portion 
of the parietal lobe, right lingual and bilateral pericalcarine of the occipital lobe. The 
lateral occipital cortex was the only region influenced by common environment factors 
(see Table 4.1a). 
 
Cortical thickness 
 
Genetic influences were significant for: the left frontal pole and the right 
parstriangularis in the frontal lobe; the right inferior temporal and bilateral superior 
temporal regions of the temporal lobe; right caudal ACC and parahippocampus in the 
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limbic lobe; bilateral superior and inferior parietal regions; and the bilateral lateral 
occipital and the right pericalcarine and lingual cortex in the occipital lobe. Of these 
regions, the superior temporal, right superior & left inferior parietal and right lingual-
pericalcarine regions also had significant genetic influence for volume and surface area 
measures (see Table 4.1a).  
 
The frontal regions (Pars opercularis and superior frontal) and parietal regions 
(post central and precuneus) where found to be influenced by common environmental 
factors for the left hemisphere and superior frontal alone for the right hemisphere.   
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Table 4.1a: Univariate AE variance estimates for the grey matter cortical structure measures adjusted for age, gender and 
education. Heritability is estimated as % of additive genetics (A) over total variance. P value indicates the 
significance of the A component (**significant at p=0.0007 Bonferroni corrected for multiple comparison  and * 
significant at trend level significance 0.05>p>0.0007). NA indicates not applicable as the CE model was the most 
parsimonious for that measure. 
 
 Volume Surface area Cortical thickness 
Grey matter structure LEFT HEMISPHERE RIGHT HEMISPHERE LEFT HEMISPHERE RIGHT HEMISPHERE LEFT HEMISPHERE RIGHT HEMISPHERE 
FRONTAL A E P-value A E P-value A E P-value A E P-value A E P-value A E P-value 
caudal middle frontal 0.47 0.53 0.290 0.33 0.67 0.670 0.53 0.47 0.150 0.32 0.68 0.600 0.53 0.47 0.960 0.41 0.59 1.000 
lateral orbitofrontal 0.62 0.38 0.010* 0.6 0.4 0.020* 0.55 0.45 0.010* 0.67 0.33 3.63E-
05 
** 
0.45 0.55 0.300 0.27 0.73 0.190 
medial orbitofrontal 0.28 0.72 0.610 0.48 0.52 0.080 0.28 0.72 0.840 0.58 0.42 0.010* 0.37 0.63 0.140 0.26 0.74 0.720 
pars opercularis 0.3 0.7 0.950 0.28 0.72 0.160 0.32 0.68 1.000 0.24 0.76 0.140 NA NA NA 0.36 0.64 0.080 
pars orbitalis 0.16 0.84 0.350 0.25 0.75 1.000 0.22 0.78 1.000 0.26 0.74 0.910 0.22 0.78 0.330 0.43 0.57 0.120 
pars triangularis 0.15 0.85 0.510 0.29 0.71 0.380 0.24 0.76 0.250 0.34 0.66 0.160 0.31 0.69 1.000 0.46 0.54 0.010* 
precentral 0.66 0.34 <1.00E-
9** 
 
0.6 0.4 0.010* 0.75 0.25 <1.00E-
09** 
 
0.76 0.24 1.22E-
06 
** 
0.45 0.55 0.090 0.59 0.41 0.110 
rostral middle frontal 0.45 0.55 0.280 0.67 0.33 0.100 0.44 0.56 0.110 0.74 0.26 9.29E-
05 
** 
0.48 0.52 0.970 0.36 0.64 0.570 
superior frontal 0.71 0.29 <1.00E-
09** 
 
0.58 0.42 0.010* 0.69 0.31 <1.00E-
09** 
* 
0.75 0.25 2.16E-
06 
** 
NA NA NA NA NA NA 
frontal pole 0.28 0.72 0.110 0 1 1.000 0.18 0.82 0.360 0 1 1.000 0.49 0.51 0.010* 0.16 0.84 0.200 
insula 0.64 0.36 0.050 0.63 0.38 0.150 0.58 0.42 <1.00E-
09** 
 
0.69 0.31 6.88E-
05 
** 
0.52 0.48 0.170 0.56 0.44 0.1 
TEMPORAL                   
banks of  the superior 
temporal sulcus 
0.22 0.78 0.110 0.44 0.56 0.020* 0.27 0.73 0.090 0.51 0.49 0.010* 0.19 0.81 1.000 0.22 0.78 1.000 
fusiform 0.59 0.41 0.010* 0.54 0.46 0.010* 0.57 0.43 0.150 0.53 0.47 0.040* 0.37 0.63 0.370 0.5 0.5 0.130 
inferior temporal NA NA NA NA NA NA 0.48 0.52 1.000 0.47 0.53 1.000 0.35 0.65 0.380 0.6 0.4 0.030* 
middle temporal 0.53 0.47 0.010* 0.65 0.35 0.050 0.67 0.33 <1.00E-
09** 
 
0.73 0.27 3.38E-
05 
** 
0.34 0.66 0.950 0.39 0.61 0.620 
superior temporal 0.78 0.22 <1.00E- 0.73 0.27 <1.00E- 0.7 0.3 <1.00E- 0.73 0.27 7.83E- 0.48 0.52 0.030* 0.63 0.37 <1.00E-
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09** 
 
09** 09** 
 
06 
** 
09** 
 
temporal pole 0.27 0.73 0.760 0.38 0.62 0.060 0.28 0.72 0.120 0.37 0.63 0.060 0.3 0.7 0.880 0.38 0.62 0.090 
transverse temporal 0.63 0.37 <1.00E-
09** 
 
0.59 0.41 0.090 0.54 0.46 <1.00E-
09** 
 
0.53 0.47 0.050 0.47 0.53 0.220 0.53 0.47 0.080 
LIMBIC                   
caudal anterior 
cingulate 
0.13 0.87 0.540 0.38 0.62 0.380 0.19 0.81 0.630 0.33 0.67 1.000 0.32 0.68 0.080 0.35 0.65 0.030* 
entorhinal 0.41 0.59 0.120 0.38 0.62 0.320 0.23 0.77 0.540 0.41 0.59 0.540 0.15 0.85 0.430 0.4 0.6 0.230 
isthmuscingulate 0.38 0.62 0.020* 0.38 0.62 0.540 0.41 0.59 0.010* 0.39 0.61 0.460 0.4 0.6 0.100 0.21 0.79 0.660 
parahippocampal 0.53 0.47 0.050 0.56 0.44 0.200 0.55 0.45 0.190 0.63 0.37 <1.00E-
09** 
0.29 0.71 0.190 0.52 0.48 <1.00E-
09** 
 
posteriorcingulate 0.11 0.89 1.000 0.46 0.54 1.000 0.1 0.9 0.960 0.56 0.44 0.020* 0.43 0.57 0.300 0.32 0.68 0.350 
rostral anterior 
cingulate 
0.19 0.81 0.530 0.45 0.55 0.470 0.31 0.69 0.270 0.43 0.57 1.000 0.29 0.71 0.370 0.22 0.78 0.520 
PARIETAL                   
postcentral 0.34 0.66 1.000 0.24 0.76 1.000 0.54 0.59 0.450 0.26 0.74 0.260 NA NA NA 0.44 0.56 0.770 
inferior parietal 0.51 0.5 <1.00E-
09** 
0.44 0.56 1.000 0.71 0.51 0.010* 0.46 0.54 0.640 0.61 0.39 <1.00E-
09** 
 
0.65 0.35 0.010* 
precuneus 0.64 0.36 0.050 0.68 0.32 <1.00E-
09** 
 
0.52 0.46 0.140 0.74 0.26 1.41E-
06 
** 
NA NA NA 0.59 0.41 0.420 
superior parietal 0.71 0.29 <1.00E-
09** 
0.52 0.48 <1.00E-
09** 
 
0.39 0.29 0.060 0.56 0.44 <1.00E-
09** 
0.68 0.32 <1.00E-
09** 
 
0.59 0.41 <1.00E-
09** 
 
supramarginal 0.56 0.44 0.640 0.6 0.4 0.010 0.52 0.48 0.080 0.51 0.49 0.010* 0.49 0.51 0.070 0.49 0.51 0.570 
paracentral 0.31 0.69 0.330 0.34 0.66 0.240 0.51 0.61 0.170 0.46 0.54 0.030* 0.32 0.68 0.420 0.33 0.67 0.250 
OCCIPITAL                   
cuneus 0.54 0.46 0.300 NA NA NA 0.55 0.49 0.030* 0.55 0.45 0.120 0.44 0.56 1.000 0.45 0.55 0.630 
lateral occipital 0.51 0.49 0.860 0.51 0.49 0.050 0.73 NA NA 0.48 0.52 0.470 0.76 0.24 <1.00E-
09** 
 
0.69 0.31 0.010* 
lingual 0.63 0.37 0.010* 0.76 0.24 <1.00E-
09** 
 
0.55 0.45 0.040* 0.76 0.24 1.98E-
06 
** 
0.56 0.44 0.170 0.6 0.4 0.010* 
pericalcarine 0.82 0.18 <1.00E-
09** 
 
0.77 0.23 <1.00E-
09** 
 
0.73 0.27 9.62E-
05 
** 
0.83 0.17 5.01E-
07 
** 
0.48 0.52 0.050 0.4 0.6 0.040* 
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Table 4.1b: Univariate AE variance estimates for volume for subcortical structures adjusted for 
age, gender and education. Heritability is estimated as % of additive genetics (A) 
over total variance. P value indicates the significance of the A component 
(**significant at p=0.0007 Bonferroni corrected for multiple comparison and * 
significant at trend level significance 0.05>p>0.0007). 
 
A E P-value 
A E P-value 
Thalamus 
Proper 0.73 0.27 <1.00E-
09** 
 
0.71 0.29 <1.00E-09** 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1. Heritability of grey matter volume, surface area and cortical thickness.
Subcortical 
structure 
LEFT HEMISPHERE RIGHT HEMISPHERE 
Caudate 0.67 0.33 <1.00E-
09** 
 
0.67 0.33 0.41 
Putamen 0.59 0.41 0.23 0.76 0.24 <1.00E-09** 
 
Pallidum 0.52 0.48 0.02* 0.52 0.48 0.07 
Hippocampus 0.66 0.34 0.01* 0.84 0.16 1.98E-06** 
Amygdala 0.69 0.31 0.01* 0.56 0.44 0.04* 
Accumbens-area 0.49 0.51 0.01* 0.54 0.46 0.18 
Brain-Stem 0.91 0.09 1.19E-09** 0.91 0.09 1.19E-09** 
Cerebellum 0.89 0.11 5.44E-08** 0.87 0.13 2.48E-07** 
0 100 
h² 
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DISCUSSION 
 
In this chapter, univariate structural equation modelling was used to evaluate the 
heritability of three commonly used grey matter metrics. The comprehensive region wise 
genetic map of grey matter volume, surface area and cortical thickness provided a useful 
catalogue for candidate endophenotype assessments 
 
Neuroimaging genetics have enabled the exploration of biological mechanisms 
that were previously inaccessible to studies examining phenotypic variations. 
Endophenotypes implicate distinct translation of genetic risk variant of complex illnesses 
(Meyer-Lindenberg & Weinberger, 2006). For example, the VAL/VAL polymorphism of 
the Catechol-O-methyl transferase (COMT) involved in dopamine catabolism, is strongly 
associated with increased risk of schizophrenia and characteristic volumetric reductions 
in limbic and paralimbic regions (Ohnishi et al., 2006). Studies on patients with 
schizophrenia have shown that although genetics has a high global influence on the brain, 
disease specific effects overlap with genetics only in the dorsolateral and polar regions of 
the frontal cortex (Tyrone D. Cannon et al., 2002).  
 
Grey matter geometric relationship with heritability: 
 
Consistent with previous twin studies (Panizzon et al., 2009; Anderson M. 
Winkler et al., 2010), our results imply that the genetic regulation of cortical thickness 
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and surface area are independently derived. Despite the fact that cortical volume is a 
product of both cortical thickness and surface area, a large number of grey matter regions 
had significant genetic influences for both volume and surface area (but not for cortical 
thickness). This suggests that the geometric relationship between surface area and volume 
is likely to be genetically linked, however multivariate biometric modelling is required to 
confirm this. This implies that, consideration of the underlying cytoarchitecture is a 
prerequisite to interpreting genetically informative findings for geometrically 
multidimensional endophenotypes. Such distinctions may resolve inconsistencies 
observed in grey matter volumetric studies (Keshavan et al., 2007; Poul; Videbech & 
Barbara  Ravnkilde, 2004). 
 
Relationship to brain related disorders: 
 
A number of studies imply that the marked geometric increases in volume are a 
result of cortical folding to increase surface area rather than due to increases in cortical 
thickness (Im et al., 2008; Pakkenberg & Gundersen, 1997). Our results suggest that 
common genetic factors may be underlying this observed common variance in volume 
and surface area measurements. In contrast, the sharp grey matter volumetric decline seen 
in Alzheimer’s disease is largely the due to atrophy in cortical thickness (Regeur, 
Badsberg Jensen, Pakkenberg, Evans, & Pakkenberg, 1994). Alzheimer’s disease has a 
high heritability (0.74) (Margaret Gatz et al., 1997) and the disease progression is known 
to spare phylogenetically older regions (P. M. Thompson et al., 2003). This is consistent 
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with our cortical thickness findings which found the limbic structures to have the lowest 
heritability (0.2-0.3) relative to phylogenetically more recent lobes (Table 4.1a). This is 
also consistent with findings in a paediatric twins study which found that the later 
developing structures involved in higher cognitive processes are predominantly 
genetically driven (Lenroot et al., 2009). 
Limitations 
 
Our model for grey matter heritability did not include laterality as a covariate. We 
instead ran the analyses separately for the left and right hemisphere. Further investigation 
is required to see if the effects of laterality persist when this is included as a covariate in 
the model. Moreover, genetic correlations between cortical grey matter volume, surface 
area and cortical thickness was investigated after genetic modelling using spearmen’s 
correlation. Direct investigation of common genetic influence on each of the grey matter 
indices may be better addressed through multivariate genetic analyses.    
 
Summary: 
 
In conclusion, grey matter volume and the sub components of surface area and 
cortical thickness were found to have a high degree of regional heterogeneity. Heritability 
of grey matter volume was shown to correlate with that of surface area rather than for 
cortical thickness across different brain regions – which suggest a common genetic 
influence on these measures. These results suggest that investigations of genetic influence 
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in psychiatric and neurological conditions should consider grey matter distilled into the 
sub components of cortical thickness and surface area.
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CHAPTER 5 HERITABILITY OF WHITE MATTER 
INTRODUCTION 
 
Following on from chapter 4 which characterized the heritability of grey matter as 
potential endophenotypic markers, this chapter evaluates heritability of white matter 
integrity as approximated by fractional anisotropy (FA).  
A high resolution white matter atlas was used to estimate FA for the major white 
matter tracts in the human brain. The atlas characterized white matter into five functional 
categories (a) tracts in the brainstem, (b) projection fibres (cortex–spinal cord, cortex-
brainstem, and cortex-thalamus connections), (c) association fibres (cortex-cortex 
connections), (d) limbic system tracts, and (e) commissural fibres (right-left hemispheric 
connections) (Wakana, Jiang, Nagae-Poetscher, van Zijl, & Mori, 2004). The tracts in 
this atlas were characterized based on the relationship with grey matter nuclei (Wakana et 
al., 2004).  
Diffusion Tensor Imaging (DTI) has been used to study white matter pathologies 
across a number of disorders (summarized in Table 5.1) (Thomason & Thompson, 2011). 
For example, distinct structural abnormalities were found in the left uncinate fasciculus – 
a white matter tract connecting the prefrontal-temporal lobes and the right cingulum 
bundle connecting the parietal-occipital regions in children with ADHD (Silk, Vance, 
Rinehart, Bradshaw, & Cunnington, 2009). Further, Karlsgodt et al (2009) detected white 
matter alterations in ultra-high risk psychosis patients before the onset of the illness and 
suggested that alongside DSM based diagnosis, white matter integrity may be an 
incipient indicator for schizophrenia (Karlsgodt, Niendam, Bearden, & Cannon, 2009).  
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Table 5.1 Relationship of functional white matter tracts to psychiatric conditions  
 
Mental Disorder White Matter Tracts  Fractional 
Anisotropy 
(relative to 
controls ) 
Reference  
Schizophrenia  Limbic 
Cingulum (cortico-limbic) 
Cingulum 
Fornix 
 
Commissural fibres 
Genu, body, splenium 
Association fibres 
Superior longitudinal fasciculus 
Inferior-frontal occipital fasciculus 
 
Uncinate fasciculus 
Frontal longitudinal fasciculus 
Arcuate fasciculus 
Inferior longitudinal fasciculus  
 
Anterior longitudinal fasciculus 
Projection fibres 
Internal capsule (L) 
 
Low  
 
 
 
 
Low 
 
Low 
Low 
 
Low 
Low 
Low 
Low  
 
Low  
 
Low  
 
(Thomason & Thompson, 
2011) 
(Ellison-Wright & 
Bullmore, 2009) 
(Ellison-Wright & 
Bullmore, 2009) 
 
 
(Thomason & Thompson, 
2011) 
(Karlsgodt et al., 2009; 
Thomason & Thompson, 
2011) 
(Ellison-Wright & 
Bullmore, 2009; Thomason 
& Thompson, 2011) 
(Thomason & Thompson, 
2011) 
(Karlsgodt et al., 2009) 
(Thomason & Thompson, 
2011) 
(Ellison-Wright & 
Bullmore, 2009; Thomason 
& Thompson, 2011) 
(Ellison-Wright & 
Bullmore, 2009) 
 
(Ellison-Wright & 
Bullmore, 2009) 
ADHD 
(paediatric) 
Limbic  
Cingulum (occipital-parietal) 
Projection fibres 
Anterior corona radiata  
Anterior limb of the internal capsule 
Superior region of the internal capsule 
Association fibres 
Uncinate fasciculus 
Inferior longitudinal fasciculus 
Superior longitudinal fasciculus  
 
High 
 
Low  
Low  
Low  
 
High 
High 
High 
 
(Silk et al., 2009) 
 
(Pavuluri et al., 2009) 
(Pavuluri et al., 2009) 
(Pavuluri et al., 2009) 
 
(Silk et al., 2009) 
(Silk et al., 2009) 
(Silk et al., 2009) 
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Depression 
(paediatric) 
Limbic 
Cingulum (medial frontal) 
Association fibres 
Superior longitudinal fasciculus 
Inferior-frontal occipital fasciculus  
Uncinate fasciculus 
 
Low 
 
Low 
Low 
Low  
 
(Cullen et al., 2010) 
 
(Cullen et al., 2010) 
(Cullen et al., 2010) 
(Cullen et al., 2010) 
Depression (adult) Limbic  
Fornix/stria terminalis 
Commissural fibres 
Splenium 
Association fibres 
Superior longitudinal fasciculus (L) 
Sagittal stratum 
External capsule  
Projection fibres 
Internal capsule (Retrolenticular) 
Posterior corona radiate (L) 
Posterior thalamic radiation  
 
 
Low  
 
Low  
 
Low 
Low 
Low 
 
Low 
Low 
Low 
 
 
(Korgaonkar et al., 2011) 
 
(Korgaonkar et al., 2011) 
 
(Korgaonkar et al., 2011) 
(Korgaonkar et al., 2011) 
(Korgaonkar et al., 2011) 
 
(Korgaonkar et al., 2011) 
(Korgaonkar et al., 2011) 
(Korgaonkar et al., 2011) 
Anxiety  Association fibres 
               Uncinate fasciculus 
 
 
Low  
 
(Kim & Whalen, 2009)  
 
FA in the limbic cingulum, commissural fibres and the association fibre tracts 
consisting of the superior longitudinal fasciculus (SLF), inferior longitudinal fasciculus 
and the uncinate fasciculus have been found to be abnormally low in both schizophrenia 
and depression, On the contrary, abnormally high FA has been observed for attention 
deficit hyperactivity disorder (ADHD) (Table 5.1). Of key importance is how much of 
the variation in disease for these tracts are genetically mediated. 
White matter FA has been shown to be highly heritable with genetic factors 
explaining up to 80% of the phenotypic variance, highest being in the parietal lobe 
(Chiang, Barysheva, et al., 2009). Genetic polymorphisms implicated in altering white 
matter integrity include neurotrophic growth factors (Chiang, Barysheva, et al., 2011) 
dopamine (DA) catabolism (Thomason et al., 2010) and myelination (Ryan et al., 2011) . 
Chiang et al (2011) found that the val allele of brain derived neurotrophic factor (BDNF) 
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conferred a 15% reduction in FA of white matter tracts, particularly in the splenium, left 
optic radiation, inferior fronto-occipital fasciculus (IFO), inferior longitudinal fasciculus 
(ILF) and superior corona radiata and this relationship correlated with IQ. Thomason et al 
(2010) showed that the two fold decrease in dopamine (DA) catabolism as a result of a 
met substitution in the catechol-O-methyltransferase (COMT) enzyme was associated 
with reduced axonal myelination and white matter integrity. Carriers of the ε4 allele of 
the apolipoprotein (APOE) demonstrated whole brain reduction of FA (Ryan et al., 
2011). 
The influence of these alleles on white matter has been linked to intellectual 
performances in a healthy population (Chiang, Barysheva, et al., 2009),  however; the 
next step is a definitive extension to psychopathology. Kochunov et al (2010) confirmed 
that chromosomal regions (marker D15S816 & D3S1262) were linked to major 
depressive disorder (MDD) and obsessive compulsive disorder (OCD) respectively, also 
correlated with inter-subject variability in FA and radial diffusivity (RA)(Kochunov et 
al., 2010). Recently Kohannim et al (2012) demonstrated in a healthy population that of 
the six key polymorphisms (brain derived neurotrophic factor, clusterin, neuregulin 1 
receptor, neurotrophic tyrosine kinase receptor-type 1, catechol-O-methyl transferase and 
hemochromatosis gene), five of the candidate genes explained 6% of the phenotypic 
variability in the corpus callosum. The multilocus modelling predicted microstructural 
FA effects on 82% of the corpus callosum volume based on the cumulative effect of the 
five polymorphisms (Kohannim et al., 2012). Despite the known prominence of genetic 
modulation over white matter FA (Chiang, Barysheva, et al., 2009), a FA endophenotypic 
map is yet to be applied to prodromal research. 
Given that there are thousands of complex genetic interaction contributing to 
psychiatric illnesses (reflected by illness heterogeneity), target genes may contribute a 
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small fraction to the compounded symptoms of psychiatric disorders (Fornito & 
Bullmore, 2012). Identifying the heritability of white matter endophenotypes provide a 
snapshot of the genetic makeup of phenotypic variations that are presumably more 
proximal to genetic mitigation. This chapter maps the heritability of brain white matter in 
the major white matter tracts in each of the five functional categories. 
METHODS 
The demographic information of the study sample and DTI protocol has been 
described in chapter 2 in the study organization sections. 
 
DTI data analysis: (FSL & TBSS) 
Detailed methods on pre-processing FA images have been mentioned in chapter 2 
of this thesis. Mean FA value for each of the 42 fibre tracts (See Appendix D) were 
extracted by applying the JHU-ICBM-DTI-81 mask 
(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) (Figure 5.1).  
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Figure 5.1 Illustration of TBSS pre-processing steps. The image is corrected for eddy 
currents and FA was fitted to each voxel using DTIFIT (a). The FA image 
was affine transformed to standard space (b). All subject images were 
aligned and merged to create a single 4D image. A perpendicular search 
along the length of each track was made to find the voxel with the highest 
FA (c). A single 3D image was generated containing the mean FA skeleton 
(d). Individual FA values were back projected onto the mean FA skeleton to 
obtain a skeletonized image for each subject (e). The JHU-ICMB-DTI-81 
mask was applied to extract mean FA for each of the 42 tracts from the 
white matter atlas (bilateral external capsule shown). (f).  
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Univariate genetic modelling:  
The standard univariate ACE model was used to decompose the phenotypic 
variance into additive genetics (A), common environment (C) and unique environment 
(E) as described in chapter 2 of this thesis (Figure 5.2) (Michael C. Neale & Maes, 1992). 
By dropping the A and C components from the ACE model, the AE model was found to 
be the most parsimonious using the Akaike’s information criterion.  The p-value was 
corrected for multiple comparisons using Bonferroni correction (0.05/45).  
  
RESULTS 
 
The heritability of fractional anisotropy measures of white matter ranged from 16% to 
70% (average across all white matter (WM) tracts=53%) (See table 5.3). Of all the WM 
tracts, the genetic influences were significant at the corrected level for: all the association 
fibres tracts i.e. superior longitudinal fasciculus, superior fronto-occipital fasciculus, 
uncinate fasciculus, sagittal stratum and WM tracts within the external capsule; for the 
bilateral cerebellar peduncles, right medial lemniscus, corticospinal tract and pontine 
bundle related to the brainstem; projections fibres of the corona radiata (bilateral anterior 
and right superior and inferior portion), right retrolenticular part of the internal capsule, 
bilateral cerebral peduncles and posterior thalamic radiation; inter-hemispheric tracts 
going through the genu and body of the corpus callosum; and the cingulum bundle and 
right stria terminalis limbic tracts. With the exception of the right retrolenticular part of 
the internal capsule, the internal capsule itself was not significantly heritable. Also, the 
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fornix and stria terminalis were not found to have a significant genetic influence (Table 
5.2).  
On average the association fibres were found to have the highest heritability 
(58%), with all association fibres with at least 50% heritability. WM tracts related to the 
left posterior corona radiata and the middle cerebellar peduncle had the highest 
heritability (H=70%) while the splenium of the corpus callosum (Figure 5.3 Z = 29) and 
the body of the fornix (Figure Z = 12) had the lowest heritability (16% and 26% 
respectively) (Table 5.2). 
 
Our model took into account age, gender and education as covariates on the 
heritability of fractional anisotropy. There were little effects of laterality on white matter 
tracts. Except for the corticospinal tracts, white matter connectivity within the brainstem 
tracts was highly heritable after correction for multiple comparisons.  
 
Table 5.2: Univariate AE estimates for DTI Fractional Anisotropy measures for white matter 
tracts adjusted for age, gender and education. Heritability is represented as % of additive 
genetics (A) over total variance. P value indicates the significance of the A component 
(**significant at p<0.001 Bonferroni corrected for multiple comparison and * significant at 
trend level significance 0.05>p>0.001). 
 
 WM tract A E P-value 
Brainstem 
tracts 
    
 Corticospinal tract L 0.38 0.62 0.26 
 Corticospinal tract R 0.46 0.54 0.05 
 Medial lemniscus L 0.59 0.41 0.42 
 Medial lemniscus R 0.66 0.34 <1.00E-
09** 
 Inferior cerebellar peduncle L 0.57 0.43 0.03* 
 Inferior cerebellar peduncle R 0.64 0.36 0.01* 
 Superior cerebellar peduncle L 0.59 0.41 <1.00E-
09** 
 Superior cerebellar peduncle R 0.64 0.36 <1.00E-
09** 
 Middle cerebellar peduncle 0.7 0.3 <1.00E-
09** 
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 Pontine crossing tract (a part of MCP) 0.42 0.58 0.02* 
Projection 
fibres 
    
 Anterior corona radiata L 0.6 0.4 0.01* 
 Anterior corona radiata R 0.62 0.38 0.01* 
 Superior corona radiata L 0.57 0.43 0.02* 
 Superior corona radiata R 0.43 0.57 0.14 
 Posterior corona radiata L 0.7 0.3 <1.00E-
09** 
 Posterior corona radiata R 0.48 0.52 0.07 
 Anterior limb of internal capsule L 0.46 0.54 0.21 
 Anterior limb of internal capsule R 0.47 0.53 0.11 
 Posterior limb of internal capsule L 0.48 0.52 0.39 
 Posterior limb of internal capsule R 0.55 0.45 0.72 
 Retrolenticular part of internal capsule L 0.46 0.54 0.10 
 Retrolenticular part of internal capsule R 0.37 0.63 0.04* 
 Cerebral peduncle L 0.55 0.45 0.02* 
 Cerebral peduncle R 0.5 0.5 0.03* 
 Posterior thalamic radiation L 0.59 0.41 0.02* 
 Posterior thalamic radiation R 0.63 0.37 <1.00E-
09** 
Association 
fibres 
    
 Superior longitudinal fasciculus L 0.58 0.42 0.01* 
 Superior longitudinal fasciculus R 0.59 0.41 0.05 
 Superior fronto-occipital fasciculus L 0.5 0.5 0.01* 
 Superior fronto-occipital fasciculus R 0.56 0.44 0.02* 
 Uncinate fasciculus L 0.64 0.36 <1.00E-
09** 
 Uncinate fasciculus R 0.65 0.35 <1.00E-
09** 
 Sagittal stratum L 0.56 0.44 0.03* 
 Sagittal stratum R 0.54 0.46 0.02* 
 External capsule L 0.55 0.45 0.01* 
 External capsule R 0.66 0.34 <1.00E-
09** 
Limbic tracts     
 Cingulum (cingulate gyrus) L 0.64 0.36 2.79E-05** 
 Cingulum (cingulate gyrus) R 0.6 0.4 <1.00E-
09** 
 Cingulum (hippocampus) L 0.44 0.56 0.03 
 Cingulum (hippocampus) R 0.49 0.51 0.09 
 Fornix (cres) / Stria terminalis L 0.47 0.53 0.13 
 Fornix (cres) / Stria terminalis R 0.49 0.51 0.05 
 Fornix (column and body of fornix) 0.26 0.74 1.00E+00 
Commissural 
fibres 
    
 Genu of corpus callosum 0.57 0.43 <1.00E-
09** 
 Body of corpus callosum 0.61 0.39 <1.00E-
09** 
 Splenium of corpus callosum 0.16 0.84 0.37 
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Figure 5.2. Heritability of white matter integrity. Axial slices have been labelled using the 
JHU-ICBM-DTI-81 atlas (version, 2010). The splenium of the corpus 
callosum showed the lowest heritability.  
Abbreviations: cc, corpus callosum; SLF, superior longitudinal fasciculus. 
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Table 5.3 Average heritability of white matter tracts based on functional category.  
 
White matter functional categories Heritability  
Association fibres  0.58 
Projection fibres 0.52 
Limbic tracts  0.48 
Commissural fibres 0.44 
Brainstem tracts 0.56 
 
 
DISCUSSION  
 
This chapter establishes the heritability for the key white matter tracts in the brain. 
Our results revealed that based on functional category, the association fibres and the 
brainstem tracts had higher heritability compared to the projection, limbic and 
commissural fibres. Predominantly, long white matter tracts such as the cerebellar 
peduncles, uncinate fasciculus, cingulum and the corpus callosum (genu and body) were 
found to be significantly heritable (p<0.001).  
 
Comparison with other studies: 
 
Additive genetics on average, accounted for 52% of the total genetic variation in 
FA values (Table 5.3).  This was similar to the overall heritability of white matter 
reported in previous work (50%) (Kochunov et al., 2010). However, there were some 
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marked differences in heritability for the splenium (0.57), cingulum (0.34), 
superior/inferior fronto-occipital fasciculi (0.41) and Sagittal Stratum (0.40) from the 
analysis by (Kochunov et al., 2010) which employed a voxel based approach for 
heritability analysis using an extended pedigree design. A DTI tractography analysis in a 
pediatric sample (nine year old children) revelaed contrasting estimates of heritability for 
the uncinate fasiculus (0.23), and superior logitudinal fasiculus (0.25) (Brouwer et al., 
2010) as compared to those in our analysis [splenium (0.16), cingulum (0.62), superior 
fronto-occipital fasciculi (0.53) Sagittal Stratum (0.55), uncinate fasciculus (0.65) and 
superior longitudinal fasciculus (0.59)]. As described in chapter 3 of this thesis, some of 
these differences may reflect methodological differences: voxelwise method employed by 
Kochunov, vs. tractography employed by Brouwer vs. mean ROI based analyses in the 
present study. Further, the Kochunov et al (2010) used linkage analyses on family 
members to determine heritability in contrast to SEM used in this study.  
 
Implications of genetic modulation on white matter: 
 
Genetic influence may constrain the efficiency of connectivity to long range white 
matter tracts. Anatomically, long fibre paths may increase network efficiency however; 
the benefits are balanced against the economy of the brain energy expenditure. The cost-
efficiency organization has been shown to be attributable to genetics (Fornito et al., 
2011).   
 
Abnormal FA has been found for a number of psychiatric disorders (Table 5.1) The high 
genetic risk of ADHD (60-90%), schizophrenia (70-85%) and bi-polar disorder (60-85%) 
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has also been reported (Burmeister et al., 2008) A study of obsessive compulsive disorder 
(OCD) patients and their first degree relatives (Menzies et al., 2008) identified reduced 
FA in the right inferior parietal white matter and an increased FA in the right medial 
frontal white matter. In another study of relatives of patients with schizophrenia, first 
degree relatives exhibited reductions in FA that were intermediate to those observed in 
patients and controls (Clark et al., 2011). We show that major white matter tracts 
implicated in most psychiatric illness (Table 5.1) such as the cingulum, SLF and uncinate 
fasciculus had significant genetic influences (although observed at a trend level for the 
SLF).  
Limitations:  
 
  In this chapter, we used only the FA statistic as a measure for white matter 
integrity. Axial and radial diffusivity (Beaulieu, 2002) may provide alternative matrices 
to characterize heritability. Further, FA does not account for crossing fibre interactions 
and measures obtained from tractography analyses that use Bayesian sampling to model 
the number of crossing fibre per voxel may provide a more sensitive marker to 
orientation of tracts.  
 
Summary: 
 
In conclusion, fractional anisotropy has been shown to have moderate to high 
heritability, regardless of the functional category. Tracts commonly linked to psychiatric 
illness were shown to have high heritability. FA is therefore implicated as a promising 
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endophenotypic candidate and the heritable tracts identified in this chapter may be suited 
for more detailed Genome Wide Association Studies (GWAS).  
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CHAPTER 6 AGE REALTED HERITABILITY MODERATION OF BRAIN 
ARCHITECTURE 
INTRODUCTION 
Recent evidence from gene expression and mouse transcriptome studies suggest 
that heritability of the brain may vary temporally in its expression (Lu et al., 2004; Sun et 
al., 2012). To run gene expression studies in humans, post-mortem data would be 
required. However, twin studies using neuroimaging techniques may address this issue in 
vivo in the human brain. Paediatric twin studies provide initial evidence that the genetic 
influence on brain structure is regionally heterogeneous, and changes from childhood to 
adolescence (Giedd, Schmitt, & Neale, 2007; Lenroot et al., 2009). Brain volume has 
been shown to be under significant genetic control at all ages, although the degree of 
heritability varied across brain regions (Batouli, Trollor, Wen, & Sachdev, 2014). Here 
we address the influence of genetics of brain structure and connectivity across the adult 
lifespan ranging from 18-60yrs. 
There is considerable evidence to suggest that gene expression is regionally 
heterogeneous across the brain. Mouse transcriptome data shows large regional variations 
in gene expression across the brain (Sun et al., 2012), and there is evidence that these 
variations correlate to behavioural phenotypes (N. Jahanshad et al., 2012). Human and 
chimpanzee gene expression data also provide evidence of considerable regional 
variation in gene expression (Khaitovich et al., 2004). These findings are validated by 
recent data from the Allen Human Brain Atlas, where 31% of genes associated with post-
synaptic density show a high regionally differential pattern of expression (Hawrylycz et 
al., 2012). As shown in chapters 4 and 5, both grey and white matter phenotypes are 
useful for understanding the influence of genetics on the human brain. Recent reports on 
paediatric twin cohorts provide evidence that the genetic influence on brain structure is 
  119 
regionally heterogeneous, and that this heterogeneity in gene expression changes from 
childhood to adolescence (Giedd et al., 2007; Lenroot et al., 2009). How this regionally 
heterogeneous pattern of gene expression is expressed over the adult life-span is poorly 
understood (Kanchibhotla et al., 2013). This knowledge is important to understand the 
genetic factors underlying normal aging, neurodevelopment and brain plasticity. 
Understanding differential effect of genetics across age, and across different brain regions 
will also provide a context from which to understand the onset and progression of 
psychiatric and neurological disorders, many of which have an age-dependent trajectory. 
Identifying temporal windows where key brain regions are less influenced by genetics 
and are more prone to environmental effects has the potential to maximize benefit from 
therapeutic interventions. 
 
Relatively little research has associated white matter maturity with respect to age 
(Ryan et al., 2011). A further consideration is how much of this age induced changes are 
genetically mediated. White matter integrity in adolescence were found to be 70-80% 
attributable to genetic factors while genetics explained 30-40% of the variation in young 
adults suggesting that environmental factors begin to exceed genetic influences with age 
(Chiang, McMahon, et al., 2011). Age related changes in FA and apparent diffusion 
coefficient (ADC) observed across all brain regions have been shown to be more 
pronounced for carriers of the APOE ε4 allele and this has been shown to be predictive of 
executive function and memory assessments (Ryan et al., 2011).  
 
Here we aim to map the overall effect of genetics across the adult lifespan (18-65 
years) on brain structure and connectivity. This provides a valuable context to better 
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understand the genetic impact on the developmental trajectory of psychiatric and 
neurological disorders. 
 
 
METHODS 
The demographic information and study sample have been described in chapter 2 
in the study organization sections 
 
MRI data analysis - structure:  
Details of the structural MRI data analysis have been described previously (Gatt 
et al., 2012; Grieve et al., 2011). Freesurfer pre-processing steps have been described in 
detail in chapter 2 and chapter 4. 
 
DTI data analysis – connectivity: 
 Detailed description of DTI pre-processing is provided in chapter 2 and chapter 5 
(See Figure 5.1 for illustration). 
 
Moderation of Heritability with age:  
In chapter 4 and 5 the effects of age and gender was removed using linear 
regression. In this chapter the heritability-age interactions were modelled using the 
method employed by Purcell (Purcell, 2002). In this method, the moderator relationship 
was fitted as: a + βM where M represents a specific moderator (here age) and ‘β’ is the 
parameter estimated as the gradient in the linear regression. The path coefficient ‘a’ in the 
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standard univariate ACE model then substituted with the new linear interaction a = a + 
βaM. Similarly the path coefficients for common and unique environments can be 
directly substituted to c + βcM and e + βeM, respectively. The linear expression allows 
the path coefficient in the moderator model to be calibrated to the age and gender of 
individual subjects. The reported heritability was standardized as a proportion of total 
variance adjusted to the imaging phenotype. The main effect (µ + βM, where µ is the 
mean of the imaging trait of interest) of the moderator was represented by an additional 
triangle (Figure 6.1) among the latent variable. The main effect was included to remove 
any confounding genetic-environment correlation rGE effects. Age was modelled both as 
a linear and quadratic moderator. The quadratic relationship, specified as Age squared, 
was set as the saturated baseline. By dropping the quadratic, linear and moderated 
components from the model, goodness of fit indices were used to retrieve the best fitting 
model (D. Posthuma et al., 2000).  
The heritability of the imaging phenotypes was compared between five age 
intervals (18-20, 21-30, 31-40, 41-50 and 51-60). Change in heritability per decade was 
calculated by calculating the percentage difference between older adults (51-60 years) 
versus younger adults (18-20 years). To control for type 1 errors due to multiple 
comparisons, Bonferroni corrected p values were used for statistical assessments (grey 
matter structure: p=0.007 i.e. 0.05/70 brain regions & white matter connectivity: p=0.001 
i.e. 0.05/46 white matter tracts).  
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Figure 6.1: Path diagram of the univariate ACE age-moderated model. The phenotypic 
variance for each twin was decomposed into additive genetics (A), common 
environment (C) and unique environment (E) components. These are 
derived from path coefficients (a+Mβa, c+Mβc and e+Mβe) that are indicated 
by single headed arrows. The theoretical variance-covariance matrix is 
represented by double headed arrows where, the genetic correlation of 
monozygotic (MZ) twins is 1 and for dizygotic twins 0.5. M represents the 
moderator that varies depending on age. The triangle represents quadratic or 
linear effects of the moderator on the mean. 
 
RESULTS 
Grey matter structure 
  
We found that age had a significant moderating effect on heritability for all three 
measures of grey matter (p<0.0007 corrected for multiple comparisons; Table 6.1a,b,c & 
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Figure 6.2). Overall, a number of brain regions were found to be significantly moderated 
by age across the three measures, with majority of regions adequately modelled as a 
linear relationship to age. However there was considerable variation across regions in 
terms of the direction of change in heritability with increasing age. The right fusiform 
and isthmus cingulate were found to have a consistent increase in heritability with age 
across all three measures. Similarly, the left caudal middle frontal, left middle temporal, 
and bilateral rostral middle frontal had consistent decreases in heritability with increasing 
age.  
 
For volume, the most prominent decreases (>15% change per decade) in genetic 
influence over the decades was seen in the right medial orbitofrontal (change in h
2
 =-
19%/decade) and left middle temporal (change in h
2
= -19%/decade), regions, while the 
most prominent increase in heritability with age was present in the right insula (change in 
h
2
 =16%/decade). Similar to the cortical regions, the subcortical regions also had 
significant age related changes in heritability. The right accumbens area (change in h
2
=-
16%/decade) showed the steepest decrease in genetic influences. The sharpest increases 
in genetic influences was seen in the left amygdala (change in h
2
= 24%/decade), left 
caudate (change in h
2
=20%/decade) and the left putamen (change in h
2
= 18%/decade).  
 
For surface area, the strongest decreases in genetic influences across the decades was 
seen in the right rostral middle frontal (change in h
2
= -23%/decade), right precentral 
(change in h
2
= -22%/decade), right superior temporal (change in h
2
= -21%/decade), left 
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rostral middle frontal (change in h
2
 = -19%/decade) and left supra marginal regions 
(change in h
2
= -18%/decade). A prominent increase in genetic influences was seen in the 
right isthmus of the cingulate (change in h
2
= 16%), right pars opercularis (change in h
2
= 
15%/decade), and right postcentral (change in h
2
= 15%) regions.  
 
For cortical thickness, the sharpest decrease in genetic moderation was seen in right pars 
opercularis (change in h
2
=-19%/decade), left superior parietal (change in h
2
 = -
16%/decade) and right parahippocampus (change in h
2
= -15%/decade) regions. The most 
prominent increase in age moderation was seen in the right supramarginal gyrus (change 
in h
2
= 20%/decade) and right precentral cortex (change in h
2
= 17%/decade). 
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Table 6.1a Grey matter brain structures for which heritability of grey matter volume was significantly moderated by age 
(p<0.0007 Bonferroni corrected for multiple comparison). * indicates age moderation was at trend level 
significance (0.05>p>0.0007). The age stratification for each of the cohorts were, n(18-20) = 26, n(21-30) = 44, 
n(31-40) = 68, n(41-50) = 56, n(51-60) = 58 twin pairs. 
 
  h
2
  h
2
 h
2
 h
2
 h
2
 h
2
 P % change in  
  (18-
60yrs) 
18-
20yrs 
21-
30yrs 
31-
40yrs 
41-
50yrs 
51-
60yrs 
value heritability 
per decade 
Regions increasing in heritability with age 
 
        
Global Cerebellum-Cortex R 87 75 80 84 86 84 <1.00E-09 3 
Frontal lateral orbitofrontal R 60 36 44 54 63 65 1.71E-07 8 
 Pars triangularis L 15 2 0 2 10 22 <1.00E-09 6 
 precentral L 66 38 47 57 64 65 7.90E-06 8 
 precentral R 60 39 43 47 51 52 <1.00E-09 4 
 superior frontal L 71 41 49 58 69 75 1.17E-14 9 
 insula R 63 19 7 0 29 76 5.35E-05 16 
 frontal pole L 28 32 16 1 11 51 4.57E-06 3 
Temporal banks of  the superior 
temporal sulcus L 
22 15 17 20 23 26 0.01* 3 
 fusiform R 54 41 47 53 61 68 <1.00E-09 8 
 middle temporal R 65 35 44 54 54 36 <1.00E-09 1 
 superior temporal L 78 60 67 73 74 67 <1.00E-09 2 
 superior temporal R 73 42 53 65 76 78 5.14E-06 10 
Limbic caudal anterior cingulate L 13 9 10 13 15 19 0.02* 3 
 parahippocampal L 53 40 44 48 54 61 0.01* 6 
 isthmuscingulate R 38 2 6 12 23 37 <1.00E-09 10 
 posterior cingulate R 46 13 17 21 24 23 0.01* 3 
Parietal precuneus R 68 50 56 63 69 75 5.36E-05 7 
 supramarginal L 56 18 24 31 33 23 1.03E-06 1 
 supramarginal R 60 48 53 58 64 70 0.01* 6 
Occipital lateral occipital L 51 0 1 9 25 41 0.03* 11 
 pericalcarine R 77 66 69 73 77 80 0.02* 4 
Subcortical  Thalamus-Proper L 73 45 56 67 76 82 0.02* 10 
 Thalamus-Proper R 71 57 63 65 60 50 0.01* 3 
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 Caudate L 67 15 32 54 74 86 <1.00E-09 20 
 Caudate R 67 42 52 59 54 40 <1.00E-09 4 
 Putamen L 59 5 0 12 42 68 3.75E-09 18 
 Putamen R 76 65 69 72 72 69 8.25E-08 1 
 Pallidum L 52 36 40 42 43 41 <1.00E-09 1 
 Hippocampus R 84 37 48 63 77 80 0.02* 12 
 Amygdala L 69 0 3 25 61 86 0.01* 24 
Regions decreasing in heritability with age 
 
        
Global Cerebral-Cortex R 86 48 64 79 74 48 1.63E-11 -7 
 Cerebellum-Cortex L 89 73 70 66 60 54 9.51E-05 -5 
Frontal caudal middle frontal L 47 38 37 36 35 33 2.09E-05 -1 
 caudal middle frontal R 33 31 25 19 13 7 0.03* -7 
 lateral orbitofrontal L 62 70 67 61 48 31 9.07E-06 -11 
 medial orbitofrontal L 28 49 32 11 0 6 <1.00E-09 -12 
 medial orbitofrontal R 48 69 56 37 16 2 <1.00E-09 -19 
 pars opercularis R 28 10 2 1 21 56 5.57E-08 -10 
 pars orbitalis L 16 41 26 9 0 6 8.34E-08 -10 
 parstriangularis R 29 32 30 27 24 19 3.10E-06 -4 
 rostral middle frontal L 45 55 40 19 2 4 4.55E-09 -14 
 rostral middle frontal R 67 41 36 28 19 09 1.27E-08 -9 
 superior frontal R 58 75 69 62 51 37 1.12E-14 -11 
 insula L 64 54 58 60 55 42 <1.00E-09 -3 
 frontal pole R 0 9 4 1 0 4 0.01* -1 
Temporal fusiform L 59 78 71 62 52 40 0.01* -11 
 inferior temporal R 0 7 3 0 2 10 <1.00E-09 -2 
 middle temporal L 53 77 62 32 1 21 2.15E-05 -19 
Limbic caudal anterior cingulate R 38 37 31 25 19 12 0.02* -7 
 isthmuscingulate L 38 42 41 39 37 34 3.78E-06 -2 
 parahippocampal R 56 53 42 30 16 4 <1.00E-09 -14 
Parietal inferior parietal L 51 64 59 53 46 38 <1.00E-09 -7 
 inferior parietal R 44 15 8 2 0 7 1.86E-07 -2 
 precuneus L 64 62 55 44 32 19 1.89E-06 -12 
 superior parietal R 71 53 53 52 52 51 <1.00E-09 -1 
 paracentral L 31 39 36 33 29 25 4.25E-05 -4 
 paracentral R 34 44 39 32 24 16 5.66E-07 -8 
Occipital cuneus R 0 14 9 4 1 0 <1.00E-09 -4 
 Cuneus L 54 41 44 44 36 22 0.01* -6 
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 lateral occipital R 51 71 63 53 41 28 0.01* -12 
 lingual R 76 85 72 56 37 21 0.04* -18 
Subcortical  Pallidum R 52 50 50 47 40 30 <1.00E-09 -6 
 Hippocampus L 66 47 46 41 33 19 <1.00E-09 -8 
 Amygdala R 56 55 54 45 27 9 <1.00E-09 -13 
 Accumbens-area L 49 47 48 47 45 41 <1.00E-09 -2 
 Accumbens-area R 54 75 59 43 28 16 3.30E-10 -16 
 
Abbreviations: h
2
, heritability (in %); L, left; R, right
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Table 6.1b Grey matter brain structures for which heritability of grey matter surface area was significantly moderated by age. 
(p<0.0007 Bonferroni corrected for multiple comparison). *indicates age moderation was at trend level 
significance (0.05>p>0.0007). The age stratification for each of the cohorts were, n(18-20) = 26, n(21-30) = 44, 
n(31-40) = 68, n(41-50) = 56, n(51-60) = 58 twin pairs 
 h2  
18-
60yrs 
h2  
18-
20yrs 
h2  
21-
30yrs 
h2  
31-
40yrs 
h2  
41-
50yrs 
h2  
51-
60yrs 
P 
value 
% change in 
heritability 
per decade 
Regions increasing in heritability with age         
Frontal lateral orbitofrontal R 67 53 57 62 69 78 <1.00E-09 7 
 pars opercularis R 24 5 0 4 25 59 <1.00E-09 15 
 precentral L 75 14 29 53 78 87 0.01* 20 
Temporal fusiform R 53 45 48 52 58 64 <1.00E-09 5 
 middle temporal R 73 47 55 64 66 47 1.75E-06 1 
Limbic isthmuscingulate L 41 34 37 42 48 55 0.01* 6 
 isthmuscingulate R 39 11 21 34 5 67 <1.00E-09 16 
Parietal postcentral R 26 11 17 26 41 65 1.11E-07 15 
 inferior parietal R 46 8 1 12 14 17 0.03* 3 
 precuneus R 74 57 62 68 76 85 <1.00E-09 8 
 supramarginal R 51 45 47 49 52 55 0.01* 3 
Regions decreasing in heritability with age         
Frontal medial orbitofrontal R 58 47 55 64 66 47 1.75E-06 -5 
 caudal middle frontal L 53 43 42 42 41 41 0.01* -1 
 pars triangularis R 34 48 42 35 26 15 0.01* -9 
 precentral R 76 93 86 65 14 13 <1.00E-09 -22 
 rostral middlefrontal L 44 74 62 44 21 4 <1.00E-09 -19 
 rostral middle frontal R 74 95 89 76 5 14 3.02E-06 -23 
 superior frontal L 69 69 67 63 57 47 <1.00E-09 -6 
 superior frontal R 75 87 83 77 65 43 3.26E-08 -12 
Temporal middle temporal L 67 66 67 62 43 14 <1.00E-09 -14 
 superior temporal L 7 78 69 55 37 17 0.03* -17 
 superior temporal R 73 83 78 61 18 6 1.48E-08 -21 
Limbic posterior cingulate R 56 8 72 6 42 21 0.01* -16 
Parietal superior parietal R 56 72 68 61 51 37 <1.00E-09 -10 
 supramarginal L 52 68 54 31 5 4 <1.00E-09 -18 
 paracentral R 46 67 6 49 34 15 <1.00E-09 -14 
Regions with quadratic effects in heritability with         
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age 
Occipital pericalcarine L 73 85 8 74 64 52 0.03* - 
 
Table 6.1c Grey matter brain structures for which heritability of grey matter cortical thickness was significantly moderated by 
age. (p<0.0007 Bonferroni corrected for multiple comparison). * indicates age moderation was at trend level 
significance (0.05>p>0.0007). The age stratification for each of the cohorts were, n(18-20) = 26, n(21-30) = 44, 
n(31-40) = 68, n(41-50) = 56, n(51-60) = 58 twin pairs 
 
 h2  
18-
60yrs 
h2  
18-
20yrs 
h2  
21-
30yrs 
h2  
31-40yrs 
h2  
41-50yrs 
h2  
51-60yrs 
P 
value 
% change in  
heritability per 
decade 
Regions increasing in heritability with age     
Frontal precentral R 59 2 9 24 43 63 2.75E-08 17 
 insula R 56 38 41 46 5 56 2.88E-06 5 
Temporal fusiform R 5 28 3 31 32 32 0.01* 1 
 middle temporal R 39 14 16 19 22 25 <1.00E-09 3 
Limbic isthmuscingulate R 21 6 6 6 7 8 1.06E-08 1 
 rostral anterior cingulate L 29 19 6 1 9 29 <1.00E-09 2 
 postcentral R 44 0 1 12 33 56 0.01* 16 
Parietal superior parietal R 59 41 48 54 6 66 <1.00E-09 7 
 supramarginal R 49 1 1 16 47 72 <1.00E-09 20 
 paracentral L 32 11 16 21 25 29 2.92E-09 5 
 paracentral R 33 2 25 31 37 44 2.10E-08 7 
Occipital lingual R 6 56 57 58 6 61 0.01* 2 
Regions decreasing in heritability with age    
Frontal caudal middle frontal L 53 3 16 6 0 1 2.10E-05 -8 
 caudal middle frontal R 41 17 9 3 7 2 <1.00E-09 -4 
 medial orbitofrontal R 26 41 34 25 17 1 <1.00E-09 -9 
 pars opercularis R 36 74 59 39 19 5 9.75E-06 -19 
 pars orbitalis L 22 2 13 6 1 5 <1.00E-09 -6 
 pars orbitalis R 43 37 39 39 37 32 <1.00E-09 -0.4 
 precentral L 45 49 48 46 45 43 5.06E-08 -2 
 rostral middle frontal L 48 19 11 3 0 9 5.08E-06 -3 
 rostral middle frontal R 36 43 35 26 17 8 <1.00E-09 -10 
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 superior frontal L 0 11 6 2 0 0 2.47E-12 -3 
 frontal pole L 49 64 57 5 42 34 <1.00E-09 -8 
Temporal fusiform L 37 56 34 11 7 6 <1.00E-09 -14 
 middle temporal L 34 47 29 1 0 7 <1.00E-09 -11 
 superior temporal L 48 63 57 51 45 39 <1.00E-09 -7 
 superior temporal R 63 71 68 65 62 59 <1.00E-09 -3 
 caudal anterior cingulate R 35 52 45 36 27 17 0.04* -10 
Limbic parahippocampal R 52 84 7 54 41 3 <1.00E-09 -15 
 posteriorcingulate L 43 47 37 25 13 4 3.75E-06 -12 
 posteriorcingulate R 32 27 27 25 2 13 1.97E-07 -4 
 inferior parietal L 61 59 6 59 57 53 <1.00E-09 -2 
 inferior parietal R 65 62 55 42 26 11 <1.00E-09 -14 
Parietal precuneus R 59 34 17 4 0 8 2.24E-10 -7 
 superior parietal L 68 82 74 6 43 26 <1.00E-09 -16 
 supramarginal L 49 51 32 9 1 22 <1.00E-09 -10 
Occipital cuneus L 44 37 21 4 1 2 1.62E-06 -6 
 cuneus R 45 13 12 11 1 9 1.80E-07 -1 
Regions with quadratic effects in heritability with age    
Occipital pericalcarine R 4 42 4 37 34 31 4.41E-05 - 
 lingual L 56 51 3 5 1 53 8.44E-10 - 
 
 
Abbreviations: h
2
, heritability (in %); L, left; R, right 
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Figure 6.2: Magnitude of change in heritability of volume for brain structures with age. 
Hot colours represent an increase in heritability while cool colours represent 
decrease in heritability with age. 
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White matter connectivity  
 
Similar to grey matter structure, heritability of white matter fractional anisotropy was 
found to significantly change with age (p<0.001 corrected for multiple comparisons, 
Table 6.2 & Figure 6.3). The genu of the corpus callosum had the maximum increase 
(change in h
2
= 18%/decade) and the right superior longitudinal fasciculus with maximum 
decrease (change in h
2
= -15%/decade) in genetic influences over the decades. Other 
white matter tracts with increased heritability with age were the bilateral portions of the 
anterior corona radiata, right superior corona radiata, left posterior limb of internal 
capsule, cerebral peduncles and posterior thalamic radiation projection fibres. The 
bilateral superior cerebellar peduncles and retrolenticular part of the internal capsule, the 
right cerebral peduncle, right superior longitudinal fasciculus and posterior thalamic 
radiation, and the left superior longitudinal fasciculus were found to have decreased 
heritability with age. 
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Table 6.2 White matter tracts for which heritability of fractional anisotropy was significantly moderated by age (p<0.001 
Bonferroni corrected for multiple comparison). * indicates heritability was at trend level significance 
(0.05>p>0.001). The age stratification for each of the cohorts were, n(18-20) = 26, n(21-30) = 44, n(31-40) = 68, 
n(41-50) = 56, n(51-60) = 58 twin pairs 
 
  h2 h2 h2 h2 h2 h2 P % change in 
  18-
60yrs 
18-
20yrs 
21-
30yrs 
31-
40yrs 
41-
50yrs 
51-
60yrs 
value heritability per 
decade 
Tracts increasing 
in heritability with 
age 
 
        
Projection fibres Anterior corona 
radiata L 
60 57 59 62 65 68 4.29E-06 3 
 Anterior corona 
radiata R 
62 50 56 61 66 71 <1.00E-09 6 
 Superior corona 
radiata R 
43 50 54 56 57 56 6.61E-05 2 
 Posterior limb of 
internal capsule L 
48 2 4 7 11 14 <1.00E-09 3 
 Cerebral peduncle L 55 23 34 45 56 67 1.55E-06 12 
 Posterior thalamic 
radiation L 
59 45 52 59 67 73 4.90E-05 8 
Association fibres  Superior longitudinal 
fasciculus L 
58 42 48 54 60 65 0.02* 6 
 Sagittal stratum R 54 39 45 52 57 61 0.01* 6 
Commissural 
fibres 
Genu of corpus 
callosum 
57 13 30 50 67 78 <1.00E-09 18 
Tracts decreasing 
in heritability with 
age 
 
        
Brainstem tracts Corticospinal tract L 38 63 43 17 2 1 0.01* -17 
 Superior cerebellar 
peduncle L 
59 84 77 69 58 45 <1.00E-09 -10 
 Superior cerebellar 
peduncle R 
64 58 57 55 51 46 <1.00E-09 -3 
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Projection fibres Retrolenticular part 
of internal capsule L 
46 49 45 41 36 30 <1.00E-09 -5 
 Retrolenticular part 
of internal capsule R 
37 54 51 48 44 40 8.50E-06 -4 
 Cerebral peduncle R 50 68 63 58 54 49 9.90E-06 -5 
 Posterior thalamic 
radiation R 
63 53 54 53 52 50 3.50E-05 -1 
 Superior longitudinal 
fasciculus R 
59 67 61 49 31 12 <1.00E-09 -15 
Association fibres  Superior fronto-
occipital fasciculus L 
50 66 42 05 17 60 <1.00E-09 -4 
 Superior fronto-
occipital fasciculus R 
56 87 75 53 26 7 0.01* -22 
 
Abbreviations: h
2
, heritability (in %); L, left; R, right
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Figure 6.3: Magnitude of change in heritability of fractional anisotropy for white matter 
tracts with age. Hot colours represent an increase in heritability while cool 
colours represent decrease in heritability with age. 
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DISCUSSION 
In this chapter we have used a large twin pair cohort to understand how the 
influence of genetics on brain structure changes over time. Our analysis assesses both 
grey matter structure and white matter connectivity to provide an anatomically 
comprehensive map of the dynamic changes in heritability that occurs with aging. These 
changes were highly heterogeneous across the brain and involved both increases and 
decreases of heritability with advancing age. We discuss these data in the context of 
neurodevelopment and maturational changes with aging; the link between brain structure 
and function with aging; the link between brain structure and connectivity; the genetic 
influences on different structural measures; and finally in relation to the age-trajectories 
of neuropsychiatric disorders and possible implications. 
  
 
Neurodevelopment and changes with aging: 
Gene expression is heterogeneous throughout the brain and also changes with age 
(Lu et al., 2004). Heritability findings from paediatric twin studies suggest that the 
genetic influences across brain regions may parallel the neurodevelopmental changes 
from childhood to adolescence (Lenroot et al., 2009). For example, genetic influences on 
cortical thickness have been shown to be constrained along the posterior-anterior brain 
development gradient, with a stronger genetic influence for the early developing posterior 
structures in the brain (such as precentral cortices) in younger adolescents, while the later 
developing anterior brain regions (such as dorsal prefrontal cortex) have greater genetic 
influence in older adolescents (Lenroot et al., 2009). The heritability of global brain 
volume has been found to increase from childhood to the second decade of life, with a 
linear decline thereafter (Batouli et al., 2014).  Our data examines both grey and white 
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matter development in the brain, and extends these findings for the adult life-span 
between the age ranges of 18-60yrs. In our analyses we demonstrate increased genetic 
influences with advancing age in the precentral (bilateral for volume and right for cortical 
thickness) regions which are also known to be normally preserved with age (Grieve, 
Clark, Williams, Peduto, & Gordon, 2005). In contrast, the superior-middle frontal and 
temporal lobe regions, which show an early grey matter loss (Grieve et al., 2005), show 
decreased genetic influences on cortical thickness with advancing age. This was also true 
for volume with the exception of left superior frontal region which showed an increase in 
heritability with age. A recent longitudinal study confirmed the striking changes in 
heritability over the posterior to anterior developmental gradient for cortical thickness. 
Regions with significant genetic variance were the bilateral parietal lobes, occipital lobes, 
orbitofrontal cortex, frontal operculum, superior temporal gyri and the left supramarginal 
gyrus (Schmitt et al., 2014).Taken together, these findings imply that genetic mediation 
in brain regions may be synchronized with the brain maturational changes taking place 
not only during the early developmental stages but also over adulthood.  
 
 
Link between structural and functional development with age:  
Both brain structure and function have been shown to be closely related across the 
entire lifespan. Understanding how cognitive functions develop in concert with brain 
structural changes is relevant to the neurodevelopmental and aging process. Twin studies 
provide evidence that genetics plays a significant role in development of cognitive 
abilities with age and can account for as much as 62% of individual differences in 
cognitive abilities in older adults (Jin et al., 2011; P. M. Thompson et al., 2013). These 
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findings have been supported by studies identifying roles of specific single nucleotide 
polymorphisms for genes such as brain derived neurotrophic factor (BDNF), cathecol-O-
methyltransferase (COMT) and apolipoprotein E (APOE) in age-related changes in 
cognitive abilities (Sporns, 2013; Toga & Thompson, 2005). These data suggest that 
genetic factors may be driving neuroplastic structural changes responsible for changes in 
brain function with aging. Our analysis demonstrated a marked laterality in heritability of 
grey matter structure with age in the superior frontal and pars-opercularis regions of the 
prefrontal and the posterior-isthmus cingulate and precuneus regions in the parietal lobes. 
The heritability for these right hemisphere regions predominantly increased with age 
(Figure 6.1). In contrast, heritability decreased with age for the same regions in the left 
hemisphere. However, without accounting for the structural variance in laterality it is 
indulgent to delineate bilateral asymmetry in heritability. Still, these hemispheric 
asymmetries may imply vulnerability differences of the two hemispheres to age-related 
decline and neuropathology (Jahanshad et al., 2010). This asymmetry with age is 
paralleled functionally for example, in cued-memory recall tasks where younger adults 
were associated with right prefrontal activation in contrast to older adults where the 
prefrontal cortex was engaged bilaterally (Cabeza, Anderson, Locantore, & McIntosh, 
2002). Similarly older adults recruit the parietal cortex, bilaterally for probabilistic 
category learning activities compared to the unilateral activation by younger adults (Fera 
et al., 2005). It has been proposed by the scaffolding theory that increased cognitive 
demand due to age-related grey matter decline engages hemispheres bilaterally to 
improve cognitive performance in older adults (D. C. Park & Reuter-Lorenz, 2009). 
Genetic influences have also been shown to impact hemispheric asymmetry of DTI 
measures of white matter tracts (Jahanshad et al., 2010). Our data extends these findings 
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suggesting that the change in heritability with age may also be asymmetric across brain 
white matter.  
 
 
Link between structure and connectivity: 
Our analyses are the first to provide measures of heritability for both grey matter 
structure and white matter tracts in the same cohort. The heritability patterns for grey 
matter regions and their corresponding white matter tracts were well matched for most 
regions with the exception of the limbic lobe. The occipital, parietal and frontal grey 
matter lobes were moderate to highly heritable (42-62%). This was complemented by the 
high heritability estimates of the white matter association fasciculi (superior longitudinal 
fasciculus and superior fronto-occipital fasciculus) linking these grey matter regions 
(Table 6.2). However, this relationship was not present for the limbic structures where the 
amygdala-hippocampal grey matter regions had high heritability but their corresponding 
white matter connections (fornix, stria terminalis, and hippocampal portion of the 
cingulum tract) had low to moderate heritability. In addition, although the grey matter 
structural measures for the amygdala and hippocampal regions were found to have a 
dynamic genetic influence with age, the associated white matter tracts (cingulum and 
fornix) were static over the adult lifespan. These findings suggest that the influence of 
genetics on the structural development of the emotional brain regions is likely reduced 
with age and may be malleable due to environment, but the white matter connections 
associated with these same brain regions might be genetically stable. Nevertheless, these 
observations need further investigation using high resolution DTI tractography to 
accurately map the white matter connections between specific grey matter regions in 
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order to ascertain the commonalities or differences in the genetics driving both the grey 
and white matter in the brain (this relationship is explored in chapter 7).  
 
Age-trajectories of neuropsychiatric disorders: 
Different stages during the aging process have been identified as risk periods for a 
number of neurological and psychiatric disorders. In addition, the timing of gene 
expression has been found to be critical in these disorders (Cardno, Marshall, Coid, & et 
al., 1999; Saetre, Jazin, & Emilsson, 2011).  It has been speculated that genes driving 
early developmental defects in Autism Spectrum Disorder (ASD), may  cause 
pathological conditions under which a cascade of altered brain-gene interactions shape 
the long-term maldevelopment of brain structure (Courchesne et al., 2007). Genes 
regulating early brain development influence the onset of schizophrenia and overlaps 
with genetics associated with the neurodevelopment of autism (Insel, 2010).  Genetic 
influences also have a role in the timing of disease onset, as shown by a twin study on 
Alzheimer’s patients that found significantly more similar age of onset for concordant 
monozygotic twin pairs than concordant dizygotic twins (M. Gatz et al., 2006). The 
normative changes in the genetic influence on the brain with age presented here form a 
platform for understanding the developmental profile of these diseases. For example, 
Alzheimer’s disease is highly heritable with the heritability of late-onset forms of this 
disease estimated to be up to 80% (Bettens, Sleegers, & Van Broeckhoven, 2013). The 
temporal and parietal atrophy seen in patients progressing from mild cognitive 
impairment to Alzheimer's disease can be related to the change in genetic influences on 
these brain regions – the hippocampal regions are more severely atrophied in late onset 
forms of Alzheimer’s disease in comparison to those with an early onset (Geschwind & 
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Konopka, 2009). The heritability of hippocampal volume shows a pattern of decline in 
later life (Batouli et al., 2014).   Our analyses highlights that the hippocampus displays 
significant changes in heritability with advancing age. Moreover, the direction of 
influence was different across the hemispheres (the left hippocampus showed significant 
decrease while the right hippocampus showed statistical trends in increase in heritability 
with age). This may imply that genetic risk for late onset forms of Alzheimer’s disease 
may be expressed via both genetic and structural changes in the hippocampus. Thus, 
mapping the heritability changes of neuroimaging measures with age offers potential 
insights into understanding the timing of genetic expression complementing  to in vitro 
post-mortem tissue sampling. 
 
 
Implications: 
One of the potentially important implications of this chapter is the potential to 
harness information about how genetic and environmental effects on brain structure and 
connectivity change over time. For regions in which heritability increases over time, the 
opportunity for environmental modulation may be more limited in later life, whereas for 
regions in which heritability decreases there is a greater potential for beneficial 
therapeutic interventions, both psychological as well as pharmaceutical. For instance, in 
our analyse we reported a consistent decrease in heritability for several regions of the 
frontal and temporal cortices, including the bilateral caudal and rostral middle frontal 
regions, the bilateral medial orbitofrontal cortex and the left middle temporal cortex with 
age. The frontal and temporal cortices play a key role in executive function processes 
such as working memory and attention shifting; cognitive processes that significantly 
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deteriorate with age (Mattay & Goldberg, 2004) but which may be boosted using brain 
training tools that target executive processes (Klingberg, 2010), particularly in older age 
where the role of environment becomes more prominent. 
 
 
Limitations: 
The following limitations need to be considered for this chapter. Firstly, our 
findings are from a cross-sectional cohort. Limited research to date has modelled 
heritability by age interactions in a longitudinal sample, confirming that advancing age 
strongly mediates genetic influences (Pfefferbaum, Sullivan, Swan, & Carmelli, 2000). 
However this latter study was limited to an elderly male twin cohort and only evaluated 
the corpus callosum, lateral ventricles and intracranial volume measures. A further 
longitudinal study in a paediatric sample found that the heritability of cortical thickness 
increased sequentially along the posterior to anterior gradient – temporal poles, inferior 
parietal lobes, superior and dorsal frontal cortices (Schmitt et al., 2014). A second 
limitation is that our analysis was confined only to a broad adult population (18-60 
years). We feel that this focus is also a strength, in that it provides an important and 
complementary context to understand the findings of other existing twin studies 
evaluating paediatric neurodevelopment (Lenroot et al., 2009), as well as aging processes 
using older cohorts (Kremen et al., 2010; Panizzon et al., 2009; Panizzon et al., 2012). 
 
Summary: 
The systematic mapping of neuroanatomical trajectories is of considerable clinical 
relevance, as it may inform age-stratified characterization of transient neuroimaging 
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biomarkers. Understanding the changes in genetic influence with age on grey matter 
structures and the white matter tracts can lead to a better understanding of plasticity of 
the underlying brain circuits and ultimately more realistic models of developmental 
pathogenesis and disease progression, which are subject to age-dependent environmental 
modification.  
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CHAPTER 7 UNDERSTANDING THE COMMON GENETIC INFLUENCES 
FOR GREY AND WHITE MATTER 
INTRODUCTION 
 
The goal of this chapter was to assess the shared genetic influence on grey and white 
matter. The Default Mode Network (DMN) was selected for this evaluation, given its 
known role in psychiatric disorders and previously examined genetic profile (D. C. Glahn 
et al., 2010; Mayuresh S Korgaonkar et al., 2014). The DMN is a network of well-defined 
brain regions that are deactivated during goal-directed activity and forms the central core 
of resting functional activity (Raichle & Snyder, 2007). The DMN is primarily localized 
to the midline cortical regions – comprising of the precuneus, posterior cingulate cortex 
(PCC), L-R inferior parietal cortex (LIPC, RIPC) medial prefrontal cortex (mPFC) and L-
temporal cortex (LTC) (Greicius, et al., 2003). Analysis of functional data from the 
TWIN-E study cohort has already established that the resting state functional 
connectivity within this network is heritable (M. S. Korgaonkar, K. Ram, L. M. Williams, 
J. M. Gatt, & S. M. Grieve, 2014), confirming existing data (Fornito, et al., 2011; Glahn, 
et al., 2010), however it is unknown if this extends to the structural grey and white matter 
tracts that comprise the DMN. This network has been shown to have both direct and 
indirect structural connections through known white matter pathways and supports the 
view that functional brain networks are structurally meaningful (Martijn P. van den 
Heuvel, Mandl, Kahn, & Hulshoff Pol, 2009). In this chapter we use a network-based 
approach to explore the heritability of the DMN using both Diffusion based tractography 
of white matter and volumetric measurements of grey matter structures of this network.  
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The genetic influence on brain structure has been studied in isolation for both GM 
(Giedd, et al., 2007; Kremen, et al., 2010; Winkler, et al., 2010) and WM structures 
(Chiang, et al., 2011; Kochunov, et al., 2010), however the heritability of GM and WM 
measures has not previously been examined in an integrated study (Hulshoff Pol et al., 
2004). This approach is gaining relevance since the brain is a network shaped by the 
interactions among its constituent elements (Martijn P Van Den Heuvel & Hulshoff Pol, 
2010). Evidence from neurodevelopmental data have shown that age-related white matter 
myelination changes and grey matter synaptic pruning is correlated, occurring in parallel 
(Giorgio, et al., 2010; Tamnes, et al., 2010). Observations from our analysis in chapters 4 
and 5 show that heritability patterns for grey matter regions and their corresponding 
white matter tracts were well matched for most regions with the exception of the limbic 
lobe (Ram et al. under review). By pooling GM and WM measures in a single analysis 
we can test whether the “nodes” (grey matter regions) and “edges” (white matter tracts) 
of the DMN are driven by common genetic factors.  
 
In this analyses, we test the genetic modulation of the nodes and edges within the DMN 
by  investigating the following questions: 1. There is strong genetic correlation within the 
DMN, in other words, the structural nodes and edges of the DMN will have a significant 
shared genetic component; 2. only the  nodes and their corresponding edges will have a 
higher genetic correlation; 3. nodes may share a distinct set of genes independent of the 
edge gene modules i.e. nodes and edges may not be genetically correlated.  
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METHODS 
Study Protocol:  
 
The demographic information and study sample have been described in chapter 2 
in the study organization sections. The data used in this study is identical to the sample 
used in a previous study establishing the genetics influence on functional DMN 
connectivity (Mayuresh S Korgaonkar et al., 2014).  
 
Table 7.1 Default mode regions coordinates extracted from peak resting state fMRI scans 
published previously using the same twin cohort (Mayuresh S Korgaonkar 
et al., 2014). 
 MNI coordinates for peak activation 
DMN region X Y Z 
PCC -10 -48 32 
LIPC -52 -64 20 
RIPC 54 -62 16 
LTC -58 -34 -10 
mPFC -6 48 12 
 
 
 
MRI data analysis  
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Tractography steps have been described in detail in chapter 2. Briefly, pre-processing of 
structural images was performed using the VBM toolbox (http://dbm.neuro.uni-
jena.de/vbm.html) as part of the SPM8 software package 
(http://www.fil.ion.ucl.ac.uk/spm). T1 images were corrected for bias-field 
inhomogeneity, spatially normalized using the DARTEL algorithm (John Ashburner, 
2007). Individual subject images were registered to MIN152 space using FLIRT as part 
of Oxford Centre for Functional MRI of the Brain (FMRIB) Software Library (FSL) 
release 4.1.4 with the diffusion to standard transformation matrix generated from FSL’s 
BEDPOSTX (diff2standard.mat), described in the tractography methods below. 
MARSBAR as part of the SPM 8 toolbox was used to generate 8mm ROI masks using 
node coordinates (Table 7.1) defined by our previous analyses on functional resting state 
data (M. S. Korgaonkar et al., 2014) Individual subject volume was extracted for each 
ROI using the following formula: Vol = (Mvol × VBMintensity)/1000, where Mvol referred to 
the volume of the 8mm ROI mask (in mm) and  VBMintensity  referred to the voxel 
intensity distribution obtained post modulation to correct for spatial normalization.  The 
diffusion data was processed using the FDT (FMRIB’s diffusion toolbox) and part of the 
Oxford Centre for Functional MRI of the Brain (FMRIB) Software Library (FSL) release 
4.1.4 (http://www.fmrib.ox.ac.uk/fsl). Distortions due to different gradient directions 
were removed using eddy current correction. Affine registration using the Bo image was 
used to correct for head movement. Multiple fibres orientation was modelled by sampling 
diffusion parameters at each voxel (BEDPOSTX). Connectivity distributions were 
generated using predefined DMN nodes as seeds to all other target nodes of the DMN. 
  148 
The result was a 5 x 5 connectivity matrix with seed to target self-connections along the 
diagonal. Tracts terminated upon reaching target masks and incomplete tracts were 
eliminated. The upper triangular matrix represented seed to target connections and the 
lower triangular matrix, target to seed connections. The maximum number of fibres 
between the upper and lower matrices was selected for analysis.  
Univariate and Multivariate Genetic modelling 
 
We performed univariate genetic analyses for each of the five nodes and the three main 
edges (table 7.1) to test whether these structures were significantly heritable. Details of 
the univariate analyses have been reported previously (chapters 1 and 2). 
A multivariate genetic approach permitted the analyses of the genetic-environmental 
factors driving the covariance between measured phenotypes and hence captures the 
shared genetic variance driving any two phenotypes. There are five recognized 
multivariate genetic models, (1) Cholesky and reverse cholesky, (2) Independent 
pathways (3) common pathways (4) correlated factors (5) simplex (Loehlin, 1996). All 
five multivariate approaches essentially produce the same variance-covariance matrices 
and the same overall goodness of fit estimates. However, the main difference in each of 
these models is the different causal relationships that are implied between the multiple 
phenotypes and the path coefficients (Loehlin, 1996).  
The commonly used Cholesky decomposition demonstrates whether the n
th 
variable is 
etiologically distinct from variable v1, v2…vn. As shown in for a bivariate case in Figure 
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7.1, the latent factor (A1) universally influences the phenotypic variance of DMN region 
1 and 2. An independent latent variable (A2) explained the phenotypic variance of region 
2 alone. These latent factors can similarly be modelled for common and unique 
environmental factors. The path coefficients in each case are shown as x1, x2, x3. A 
limitation of the Cholesky approach is that the variables are required to have a 
meaningful a priori ordering. For example, the variables can be ordered according to a 
longitudinal time series (Loehlin, 1996). 
The correlated factors model was chosen for our analyses to represent the findings in an 
easily interpretable format where the genetic correlations were directly derived from the 
path diagram without the need for mathematical conversions. Additionally, the DMN 
structures did not follow specific spatial or temporal patterns (which the other 
multivariate models required), thus the correlated factors model provided the most readily 
interpretable approach for phenotypic variables without a predefined order (Loehlin, 
1996). Figure 7.1 shows the mathematical transformation of the bivariate Cholesky 
model to a bivariate correlated factors model. Proof of concept has been reported 
previously (Loehlin, 1996). Genetic correlations to determine the strength of correlation 
between each pair of variables was extracted directly from the correlated factors model. 
The correlated factors model decomposed each of the variables into separate genetic and 
environmental components. The genetic correlation indicated the extent of genetic 
overlap between the DMN nodes and edges. For example, nodes A and B may be highly 
heritable but influenced by independent genes (rA = 0) (Loehlin, 1996). The genetic 
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correlation and environmental correlations for the variables were independent of each 
other. 
In our analysis, the correlated factors model was applied to the volume measures for the 5 
DMN nodes and connectivity measures for the 3 DMN edges. The phenotypic variance 
attributed to genetics was divided into A1…A8 for each of the DMN nodes and edges. 
The common environment (C1...C8) and unique environment (E1...E8) were likewise 
partitioned for each of the DMN nodes and edges. The genetic correlation (r) between 
these variables was calculated as described above.  
The significance of the correlation between each of the variables was tested by setting 
each pair of variables in the upper triangular matrix to zero. There were 28 combinations, 
excluding self-connections. The P-value was calculated by running the correlated factors 
model, where each combination of variables was consecutively set to zero for each 
iteration.  
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Figure 7.1. The cholesky decomposition (left) and the correlated factors model (right). 
The path diagrams show the different causal relationship however, 
mathematical formulas provide easy conversion between the models.  
 
Cluster analyses on the estimated genetic correlations were performed using the 
heatmap.2 function as part on the gplots toolbox in the R software library (Ihaka and 
Gentleman, 1996), R Development Core Team, 2005 to identify clusters with common 
genetic factors. This function used Euclidean distances to perform pairwise cluster 
analyses translating genetic distances into a spatial distribution. This spatial distribution 
was rearranged into a hierarchical cluster based on nested clusters being more similar to 
each other (Figure 7.3b).  This data was visually represented as an agglomerative 
dendrogram (Figure 7.3a).  (Stein et al., 2010; Wilkinson & Friendly, 2009).  
All assessments for significant heritability and shared genetic variances were performed 
at a p value of 0.05 corrected for the number of phenotypic variables evaluated (i.e. 
0.05/8 i.e. 5 nodes and 3 key identified edges = 0.00625).   
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RESULTS 
DMN anatomical connectivity  
 
DTI tractography analysis identified 3 main WM edges (Figure 1) as part of the 
DMN: 1. a prominent connection between the mPFC and PCC nodes (approx. 52000 
probabilistic streamlines) and primarily comprised of fibres belonging to the cingulum 
bundle; 2. Between the LTC and LIPC nodes (approx. 13300 streamlines) comprising of 
portion of the inferior longitudinal fasciculus; and 3. Between the LTC and PCC nodes 
connected by the splenium of the corpus callosum (approx. 1800 streamlines). An 
additional two edges connecting the LTC and PCC to the RIPC were also identified but 
were not as prominent as the 3 edges above (LTC to RIPC only 1 participant had > 100 
streamlines and PCC to RIPC had 27 participants > 100 streamlines) (Figure 1 A). Both 
these edges were primarily through the splenium portion of the corpus callosum. There 
was no single node which was directly connected to every other node of the DMN. 
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Figure 7.2. Network organization of the DMN (a). The colours represent the degree of 
connections to each node (red = low connectivity, yellow = high 
connectivity). The edge weight represents the number of fibres in each seed-
target pair. Coronal view of the LIPC-LTC connection (b), sagittal view of 
the mPFC-PCC connection (c) and coronal view of the PCC-LTC 
connection (d). 
 
Baseline heritability from univariate analyses.  
 
The DMN nodes were found to be moderately heritable, however, the mPFC was the 
only node to show significant heritability at the corrected p level (p<0.0062); while trends 
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were observed for the LIPC and RIPC (p<0.05). Of the identified WM edges, none of the 
3 main edges were significantly heritable (Table 7.2). 
 
Table 7.2. Baseline heritability of DMN structures calculated from the univariate model.  
 
 Structure h2 p-value 
Grey matter LIPC 0.49 0.02 
(nodes) LTC 0.37 0.12 
 mPFC 0.53 0 
 PCC 0.39 0.14 
 RIPC 0.57 0.03 
White matter LTC-LIPC 0.25 0.73 
(edges) PCC-mPFC 0.33 0.11 
 PCC-LTC 0.25 0.66 
 RIPC-LTC 0.94 1.36E-010 
 RIPC-PCC 0.49 0.02 
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Shared genetic factors influencing the default mode network.  
 
The strength of genetic correlation between the DMN nodes and edges examined are 
shown in Figure 7.3a. The genetic correlation distinctively bifurcated into two main paths 
– one comprising of the nodes and other of the edges. All node structures had high, 
positive correlations with each other except for the mPFC and PCC, where there was no 
significant genetic correlation. Only the LTC-LIPC and PCC-mPFC edges had significant 
positive correlation. There were no significant genetic correlations between edges and 
nodes. For example, the cingulum track had no significant genetic correlation with the 
mPFC to the PCC, despite the numerous fibres (~52166) connecting these two structures 
and significant heritability of the mPFC (Table 7.3). Multidimensional scaling used 
Euclidean distances to comparatively scale the distance between all pairs of nodes and 
edges post multivariate genetic analyses. Four independent clusters were identified using 
genetic correlations (Figure 7.3b): the LIPC, LTC and PCC formed a single coherent 
cluster, while the mPFC and RIPC formed a separate cluster of grey matter regions of 
shared genetics. The correlated white matter edges also formed a single third cluster; 
while the PCC-LTC connection was a standalone cluster. These patterns are useful for 
exploratory observations but without any validation through significance test, they can be 
subjective since seemingly non-unique data can exhibit interesting patterns (Everitt, 
Landau, Leese, & Stahl, 2011).    
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Figure7. 3. Heat map for genetic correlation between DMN nodes and edges (a). Cluster 
plot showing the cluster analysis based on shared genetic correlation (b). 
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Table 7.3. P-value for genetic correlations 
 
LIPC LTC mPFC PCC RIPC LTC-LIPC 
mPFC-
PCC 
PCC-LTC 
LIPC 1 5.53E-09 0 5.15E-07 1.17E-05 0.22 0.19 0.32 
LTC  1 8.67E-05 0 9.30E-07 0.16 0.98 0.72 
mPFC   1 0.22 0 0.06 0.74 0.31 
PCC    1 7.30E-05 0.72 0.25 0.81 
RIPC     1 0.7 0.74 0.13 
LTC-LIPC      1 0 0.07 
MPFC-PCC      1 0.81 
PCC-LTC        1 
 
 
DISCUSSION 
 
The goal of this chapter was to map the shared genetics of the structural grey (nodes) and 
white matter (edges) that comprised the default mode network. The DMN has been 
implicated for number of psychiatric disorders with shared genetics demonstrated for 
functional connectivity (D. C. Glahn et al., 2010; Mayuresh S Korgaonkar et al., 2014). 
DTI tractography identified 3 primary white matter edges (PCC-mPFC, LTC-LIPC and 
LTC-PCC). Only volume for the mPFC node was significantly heritable with trends in 
LIPC and RIPC; while only the RIPC-LTC edge was heritable. We also evaluated the 
shared genetic influence on the nodes and identified edges using a multivariate genetic 
analysis. We found a significant shared genetic influence for the DMN nodes and 
separately for the edges of the DMN, however genetic influence was not found to be 
shared between DMN nodes and edges. 
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The DMN has been shown to play a dynamic role in normal and abnormal neural 
function (Anticevic, et al., 2012; Lewis, et al., 2009). Altered resting state functional 
activity and connectivity in this network has been observed in a number of 
neuropsychiatric disorders including depression, anxiety disorders and schizophrenia 
(Fox & Greicius, 2010) Further, functional connectivity of the DMN has been shown to 
be under significant genetic control (Fornito, et al., 2011; Glahn, et al., 2010; 
Korgaonkar, et al., 2014a). Supporting this are findings that increased DMN co-activation 
occurs in healthy subjects with an increased genetic risk for neurodegenerative disorders 
(Filippini, et al., 2009), and for psychiatric disorders including major depressive disorder 
(Rao, et al., 2007) and schizophrenia (Whitfield-Gabrieli, et al., 2009). Collectively, these 
data suggests that functional measures of the DMN could serve as an endophenotype for 
brain disorders with notable  genetic components.  
 
An independent analysis of resting state fMRI data in the same cohort of participants, has 
validated the five key nodes of the DMN i.e. PCC, bilateral IPC, mPFC, and left temporal 
cortex (M. S. Korgaonkar et al., 2014). In this chapter, DTI was used to track the white 
matter connections between these nodes and 3 primary white matter edges were identified 
i.e. PCC-mPFC, LTC-LIPC and LTC-PCC. Two previous studies have identified the 
white matter tracts related to the DMN confirming these connections - Grecius and 
colleagues have shown that the mPFC and the PCC are structurally connected through the 
cingulum bundle, while the left and right temporal lobe structures also show structural 
connections to the PCC (Greicius, Supekar, Menon, & Dougherty, 2009). The study by 
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van den Heuvel and colleagues confirms the role of the cingulum as a structural link 
between the mPFC and PCC and also demonstrated an additional white matter connection 
between the IPC and the mPFC via the bilateral superior frontal-occipital fasciculus 
(Martijn P. van den Heuvel et al., 2009).  Empirical modelling to predict functional 
connectivity of resting state networks demonstrates that although functional connectivity 
is frequently present between spatially sparse regions in the absence of direct structural 
linkage, the co-activation patterns of functional linked regions are constrained by gross 
anatomical coherence of the cerebral cortex (Honey et al., 2009).   
 
There is limited evidence which suggests that common genetic factors may be driving 
measures of grey matter cortical regions and their corresponding white matter 
connections. Using bivariate genetic correlation and whole-genome quantitative trait loci 
analyses on MRI data from participants from extended pedigrees, Kochunov and 
colleagues were able to localize three candidate genes to influence both brain grey matter 
cortical thickness and white matter FA (Kochunov, et al., 2011). Contrary to these 
findings and our hypothesis, our data did not show shared genetic variance between grey 
and white matter measurements for the default mode network. We did observe common 
genetic variance for the volume node measures for a majority of the DMN nodes and for 
white matter connectivity between two nodes, which may still suggest a common genetic 
influence within the network. A high genetic correlation may imply a high degree of 
genetic overlap; however it does not imply that the magnitude of the effects is similar for 
each tract. For example, genes may act additively for one tract but show dominance for 
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the second tract (Danielle Posthuma, 2010). There is also evidence that regions with 
direct anatomical connectivity have strong functional connectivity (Koch, Norris, & 
Hund-Georgiadis, 2002); however whether common genetic factors modulate both these 
measures is a proposition to be tested in future studies. 
 
Majority of psychiatric illnesses have a strong genetic basis and are reflected in 
dysfunctions in connectivity. Recent research has shown that the disorders arise from 
diffuse interactions rather than isolated dysfunctions in a few brain regions (Fornito & 
Bullmore, 2012). Further, gene expression are known to be distributed throughout the 
brain rather than locally limited. Therefore a system level approach which not only takes 
into account the key hotspots but also the connectivity between these regions is required 
to better understand the genetic influences underlying these disorders (Fornito & 
Bullmore, 2012). The work done in this thesis is a step towards this initiative focusing on 
the key DMN nodes and the white matter connections that exist between these regions.  
  
This work had several limitations: 1. the analyses used the number of fibres as a summary 
measure for connectivity. Existing literature have focused on fractional anisotropy as a 
measure of integrity of white matter anatomy Further investigation is necessary to 
determine the genetic relationship between number of streamlines (fibre density), 
fractional anisotropy and path length of connectivity 2. Tracts that had lower number of 
fibres (<1500) for example, RIPC with the PCC and LTC DMN nodes (Figure 7.2a), 
these connections were evident only for some of the individuals in the study. It is not 
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known whether these weak connections are due to the direct lack of fibre connections or 
limitations in probabilistic tractography for inter-hemispheric connections. A potential 
factor confounding connectivity between regions may result from, resting state 
coordinates being extracted from predefined ROIs of fixed dimensions in standard space 
rather than tractography performed using activations derived from individual subject 
space. 3. Correlated factors analyses were unable to provided information on additive and 
dominance interactions for tracts that showed a high degree of genetic overlap. 4. Further, 
while heritability analyses provide a compelling map of genetic influence on structural 
networks, it does not reveal  specific genes influencing the network (P. M. Thompson et 
al., 2013). Studies on quantitative trait loci allow identification of specific genes that may 
be driving the common genetic variance observed in the DMN (Bryant et al., 2013; 
Kochunov et al., 2010). However, findings from heritability analyses can serve as useful 
starting points for these linkage studies.  
 
In summary, our data shows that of the structural components of the DMN, only the 
nodes are under significant genetic control and exhibit a shared genetic makeup. This is 
different from that for the edges of the network. Structural volumetric measures of the 
DMN nodes may serve as potential candidate endophenotypes in disorders where the 
DMN is found to be affected and also for understanding specific genetic linkages. How 
shared genetic influences affect other brain networks still remains to be understood. Thus, 
further work is necessary to examine genetic influences on global and functional 
networks such as those involved in cognition, memory and emotion.
  clxii 
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CHAPTER 8 GENERAL DISCUSSION 
Genetic Control On Brain Structure 
This thesis provides a comprehensive investigation of the heritability on structural 
neuroimaging indices. Neuroimaging has allowed non-invasive in vivo mapping of the 
overall genetic influences on brain architecture. Prior work in this field has looked at 
heritability of brain structure in isolated studies. This thesis integrated structural and 
diffusion imaging approaches to model the heritability of brain architecture. Grey matter 
parameters were decomposed into cortical thickness, surface area and cortical and 
subcortical volume – measures which have been widely used to investigate neural 
abnormalities across a number of psychiatric and neurological disorders. Diffusion tensor 
imaging was used to determine the heritability of white matter integrity. Grey matter 
regions and white matter tracts were further distilled into voxelwise anatomical units to 
determine the effects of spatial resolutions on heritability. Moreover, we investigated 
heritability at a network level using tractography and the shared versus specific genetic 
factors modulating the components of the default mode network.  
 
 
IMPLICATIONS 
Genetic influence on brain structure and connectivity 
These findings, acquired from a relatively large twin cohort, showed that genetic 
influence on grey and white matter is heterogeneous both spatially and temporally. 
Chapters 4 and 5 have shown that each brain region is influenced by varying degrees of 
genetic control. However, unique to this study is the use of previously published 
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functional data from the same twin cohort to investigate the genetic influence on brain 
networks at a structural level. Using multivariate analyses we have shown the degree of 
genetic correlation between the various structural elements of the DMN. The results 
imply that there is a high degree of genetic correlation between grey matter regions of the 
network while white matter tracts of the DMN may be influenced by an independent set 
of genes.  
The results have pertinent application to the investigation of both psychiatric and 
neurological conditions. This thesis implies that although the different grey and white 
matter regions have varying degrees of genetic control, at a network level, these grey 
matter regions and white matter tracts are likely to be modulated by their own set of gene 
clusters.  
 
Genetic moderation of brain structure with age.  
Developmentally, grey matter volume has been shown to decrease in heritability 
with age while white matter has been shown to increase in heritability with age (Wallace 
et al., 2006). This thesis confirms that genetic and environmental factors continue to 
influence brain architecture in a spatially specific and age-defined manner post-
adolescent developmental period. This information provides valuable insights for the age 
of onset for common psychiatric and neurological conditions (Y.-J. Li et al., 2002; Shih, 
Belmonte, & Zandi, 2004).  
 
MRI indices for endophenotype selection   
 It has been consistently shown that cortical thinning occurs in medial and 
superior prefrontal and precentral regions in adult ADHD (Makris et al., 2007). Despite 
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ADHD being one of the most heritable neuropsychiatric disorders (Rapoport & Gogtay, 
2007), the implicated regions had low heritability for cortical thickness, contradicting the 
possibility of using cortical thickness as an endophenotype. The heritability of grey 
matter volume for these regions is relatively high (0.58-0.71). We therefore emphasize 
caution in the selection of endophenotypes. Given that MRI indices might be highly 
heritable for the ROIs implicated in disease, the disease may target specific 
subcomponents of brain structure with distinct genetic factors. This information is crucial 
for disorders with a strong genetic risk profiles where brain structural alterations are 
observed  to commence  many years before the onset of behavioural symptoms (Roos, 
2010). Endophenotypes are therefore crucial for the early detection and rehabilitation of 
neurological and psychiatric conditions. Further, this allows treatment to be tailored to 
individuals based on their genetics rather than based on symptom clusters, which are 
most likely to be linked to dysfunction in the underlying circuitry rather than the 
symptom itself.   
 
Future directions  
The assessment of endophenotypes is a useful resource for the characterization of 
risk variants identified through GWAS and more recently with transcriptome studies 
(Hall & Smoller, 2010; Hawrylycz et al., 2012). Voxelwise analysis of imaging data to 
identify clusters in brain regions based on genetic affinity may improve power in GWAS 
and transcriptome studies. It is suggested that endophenotype mapping will help identify 
specific domains of dysfunctions related to risk genes. Further, structural imaging 
endophenotypes are aimed at providing distinct etiological diagnosis for the 
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susceptibilities of illnesses that often have overlapping pathologies (Hall & Smoller, 
2010). 
 
Non-invasive neuroimaging techniques enable genetic effects to be tracked using 
a longitudinal design. Longitudinal assessment of heritability would add direct 
confirmation to the changes in heritability estimated through the cross-sectional design 
established in Chapter 6. Longitudinal studies will allow the accurate examination of the 
genetic influence on brain architecture in aging, adaptation and disease progression. 
 
A further consideration is to supplement the study with a paediatric sample. The 
degree to which genetics influences the initial overproduction followed by selective 
pruning in infants can be examined over the whole brain at a voxelwise resolution. This 
will provide insights on the role of extrinsic environmental stimuli in human brain 
development. The normative data would be an invaluable assessment tool against which 
clinical populations can be compared. For example, drug induced plasticity which may 
introduce unguided changes in developmental circuitries (Rapoport & Gogtay, 2007). 
Future studies may correlate grey and white matter regions susceptible to drug induced 
changes specifically in regions with significant environmental susceptibility. 
 
Additionally, bivariate genetic modelling can be applied to examine cross-
twin/cross-trait relationships. For example, the association between brain volume and 
disease symptoms can be assessed, where a higher correlation between the two 
phenotypes for MZ twins compared to DZ twins indicates common genetic factors 
influencing both disease symptoms and brain volume (Daniëlle Posthuma et al., 2002). 
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These guidelines may assist future work in establishing highly accurate endophenotypic 
characteristics for psychiatric and neurological conditions.  
 
CONCLUDING REMARKS 
This thesis has addressed the gap between the high dimensional neuroimaging 
indices and genetic modelling of brain structure. Univariate modelling was applied to 
show that the heritability of grey and white matter is spatially heterogeneous. Further, 
heritability was shown to be dynamic and moderated by age. Moreover, using 
multivariate genetic analyses we have demonstrated that the DMN network nodes are 
highly correlated within the network, while edges share an independent set of genes. This 
thesis provides the ground work for more complex voxelwise GWAS which are likely to 
involve computationally extensive data processing. The results of this thesis serve as a 
systematic evaluation on the heritability of structural neuroimaging indices. The thesis 
also cautions over caveats in the selection of neuroimaging endophenotypes and suggests 
that heritability can be highly heterogeneous especially for large regions. We further 
build on the network level understanding of psychiatric illness and show that nodes and 
edges of the DMN have little genetic overlap.  
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Appendix A 
ABBREVIATIONS 
 
ACDE – additive genetics, common environment, dominant genetics, unique environment 
 
ADC – apparent diffusivity coefficient 
 
CC – corpus callosum 
 
CSF – cerebrospinal fluid 
 
CT – cortical thickness 
 
DMN – default mode network 
 
FA – fractional anisotropy  
 
fMRI – functional magnetic resonance imaging.  
 
FWHM – full width half maximum 
 
LIPC – left inferior parietal cortex 
 
LTC – left temporal lobe 
 
MNI – Montreal Neurological Institute 
 
mPFC medial prefrontal cortex 
 
MRI – magnetic resonance imaging 
 
PFC – prefrontal cortex 
 
RIPC – right inferior parietal cortex 
 
RSN – resting state network 
 
SA – surface area 
 
SEM – structural equation modelling 
 
SLF – superior longitudinal fasciculus  
  clxxxvi
ii 
 
SPM – statistical parametric mapping 
 
TE – echo time 
 
TR – repetition time 
 
UNC – uncinate fasciculus 
 
VOL - volume 
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Appendix B  
Full list of Freesurfer anatomical for grey matter. 
 
banks of  the superior temporal sulcus 
caudal anterior cingulate 
caudal middle frontal 
Cuneus 
Entorhinal 
Fusiform 
inferior parietal 
inferior temporal 
isthmuscingulate 
lateral occipital 
lateral orbitofrontal 
lingual 
medial orbitofrontal 
middle temporal 
parahippocampal 
paracentral 
pars opercularis 
pars orbitalis 
pars triangularis 
pericalcarine 
postcentral 
posterior cingulate 
precentral 
precuneus 
rostral anterior cingulate 
rostral middle frontal 
superior frontal 
superior parietal 
superior temporal 
supramarginal 
frontal pole 
temporal pole 
transverse temporal 
insula 
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Appendix C  
Full list of subcortical structures. 
 
Left-cerebral-white-matter 
Left-cerebral-cortex 
Left-cerebellum-white-matter 
Left-cerebellum-cortex 
Left-thalamus-proper 
Left-caudate 
Left-putamen 
Left-pallidum 
Left-hippocampus 
Left-amygdala 
Left-accumbens-area 
Left-ventricle 
Right-cerebral-white-matter 
Right-cerebral-cortex 
Right-cerebellum-white-matter 
Right-cerebellum-cortex 
Right-thalamus-proper 
Right-caudate 
Right-putamen 
Right-pallidum 
Right-hippocampus 
Right-amygdala 
Right-accumbens-area 
Right-ventricle 
Brain-stem 
Cc_posterior 
Cc_mid_posterior 
Cc_central 
Cc_mid_anterior 
Cc_anterior 
Left-lateral-ventricle 
Left-inf-lat-vent 
Right-lateral-ventricle 
Right-inf-lat-vent 
3rd-ventricle 
4th-ventricle 
Wm-hypointensities 
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Appendix D 
Full list of JHU-ICBM-DTI-81 anatomical labels for white matter.  
 
Middle cerebellar peduncle 
Pontine crossing tract (a part of MCP) 
Genu of corpus callosum 
Body of corpus callosum 
Splenium of corpus callosum 
Fornix (column and body of fornix) 
Corticospinal tract R 
Corticospinal tract L 
Medial lemniscus R 
Medial lemniscus L 
Inferior cerebellar peduncle R 
Inferior cerebellar peduncle L 
Superior cerebellar peduncle R 
Superior cerebellar peduncle L 
Cerebral peduncle R 
Cerebral peduncle L 
Anterior limb of internal capsule R 
Anterior limb of internal capsule L 
Posterior limb of internal capsule R 
Posterior limb of internal capsule L 
Retrolenticular part of internal capsule R 
Retrolenticular part of internal capsule L 
Anterior corona radiata R 
Anterior corona radiata L 
Superior corona radiata R 
Superior corona radiata L 
Posterior corona radiata R 
Posterior corona radiata L 
Posterior thalamic radiation (include optic radiation) R 
Posterior thalamic radiation (include optic radiation) L 
Sagittal stratum (include inferior longitudinal fasciculus and inferior fronto-occipital 
fasciculus) R 
Sagittal stratum (include inferior longitudinal fasciculus and inferior fronto-occipital 
fasciculus) L 
External capsule R 
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External capsule L 
Cingulum (cingulate gyrus) R 
Cingulum (cingulate gyrus) L 
Cingulum (hippocampus) R 
Cingulum (hippocampus) L 
Fornix (cres) / Stria terminalis (can not be resolved with current resolution) R 
Fornix (cres) / Stria terminalis (can not be resolved with current resolution) L 
Superior longitudinal fasciculus R 
Superior longitudinal fasciculus L 
Superior fronto-occipital fasciculus (could be a part of anterior internal capsule) R 
Superior fronto-occipital fasciculus (could be a part of anterior internal capsule) L 
Uncinate fasciculus R 
Uncinate fasciculus L 
 
